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Treating patients with advanced non-small cell lung cancer without 
targetable driver mutations
Lung cancer is the most common type of cancer worldwide, with approximately 2.5 
million newly diagnosed patients each year, accounting for 12.4% of new cancer cases 
globally. [1] Non-small cell lung cancer (NSCLC) is the most prevalent form, representing 
85% of all lung cancer cases. Unfortunately, in about 50% of patients, NSCLC is diagnosed 
at an advanced stage, which is associated with a poor prognosis. Historically, these 
patients have had 5-year survival rates of approximately 5%. [2]

For many decades, the standard of care for patients with advanced NSCLC without 
targetable mutations was chemotherapy, which offered limited survival benefits and 
was associated with significant toxicity. However, the treatment landscape for these 
patients has rapidly evolved since the introduction of immune checkpoint inhibitors 
(ICIs). ICIs are monoclonal antibodies that target immune regulatory pathways, such as 
the CTLA-4, PD-1, or PD-L1 pathways. By blocking these inhibitory signals, ICIs enhance 
the immune system’s ability to recognize and eliminate cancer cells. [3, 4]

For patients with advanced NSCLC, nivolumab (anti-PD-1) was the first ICI approved 
by the European Medicines Agency in 2015, followed by pembrolizumab (anti-PD-1) in 
2016, atezolizumab (anti-PD-L1) in 2017, durvalumab (anti-PD-L1) in 2018, cemiplimab 
(anti-PD-1) in 2019, and ipilimumab (anti-CTLA-4) in 2020. [5-10] Initially, these treatments 
were approved for use as monotherapies, but their indications have expanded to include 
combinations with chemotherapy (e.g., pembrolizumab plus chemotherapy) and other 
ICIs (e.g., ipilimumab plus nivolumab). [11,12] As a result, the standard of care for patients 
with advanced NSCLC without targetable mutations has shifted from chemotherapy to 
immunotherapy-centered treatment strategies.

Complementing clinical trial outcomes with real-world outcomes
As for all medicines, the lifecycle of a new ICI begins with preclinical studies, followed by 
phase I and II trials that establish safety, dosing, and preliminary efficacy. Phase III RCTs 
then evaluate efficacy and safety under controlled conditions and against the current 
standard of care, providing the primary evidence base for regulatory approval and further 
policy-related and clinical decision-making. Given that these RCTs include highly selected 
patient populations and treatment adheres to standardized treatment and follow-up 
protocols, RCT outcomes may have limited generalizability to the broader and more 
heterogeneous patient population in clinical practice. [13,14] Several studies have shown 
that survival outcomes observed in clinical practice are less favorable than those observed 
in clinical trials. For example, Cramer-van der Welle et al. reported that the overall survival 
(OS) for patients with advanced NSCLC treated with first-line chemotherapy or targeted 
therapy was nearly 25% shorter in clinical practice than in the corresponding RCTs. [15]
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There are several reasons why outcomes differ between RCTs and clinical practice. First, 
patients treated in clinical practice are usually older, less fit, and have more comorbidities 
than those treated in RCTs. Second, treatment adherence is usually lower in clinical 
practice than in RCTs. [15] Third, monitoring and follow-up are less standardized, with 
less frequent and consistent response assessments in clinical practice than in RCTs what 
could cause biased times to outcomes.[16] The limited generalizability of RCT outcomes 
has important implications such as less informed clinical decision making because of 
lack of knowledge about effects in patients outside trial eligibility criteria [17] Generating 
real-world evidence (RWE) helps to overcome this knowledge gap. RWE is generated 
through observational studies that use real-world data (RWD), which refers to routinely 
collected information about patients’ health status and the delivery of healthcare. [18] 
Such data come from sources outside traditional RCTs, including electronic health records 
(EHRs), insurance claims, patient registries, and digital health tools such as wearable 
devices. [18] RWD complements RCT data by providing insights into treatment outcomes 
in more heterogeneous patient populations and insight into treatment outcomes over 
more extended follow-up periods. In addition, RWD allows head-to-head comparisons of 
treatments that have not been, and probably never will be, compared in RCTs. [19,20] The 
use of RWE is increasingly considered valuable for regulatory and clinical decision-making. 
In regulatory decision-making, RWE is currently still primarily used for post-approval safety 
monitoring, but its potential for evaluating treatment effectiveness is increasingly being 
recognized [18,19]. In clinical decision-making, RWE is becoming increasingly relevant for 
guiding individual treatment decisions for patients underrepresented in RCTs. [22, 23]

Methodological challenges for prompt evidence generation
Individual treatment decisions are becoming increasingly complex due to the diversity of 
patient characteristics in clinical practice and the rapidly expanding range of treatment 
options. In this dynamic setting, prompt insights into their real-world effectiveness and 
safety are needed to ensure that patients receive the most appropriate treatment. 
Prompt generation of RWE can help clinicians to quickly identify patients who benefit 
most from new treatment options and detect ineffective or harmful treatments. [24] 
Ideally, real-world effectiveness and safety should be monitored continuously and 
compared with those of other treatments to enable timely adjustments to treatment 
strategies. However, generating such prompt insights based on observational studies is 
challenging. Manual review of EHRs (still considered the gold standard for data collection) 
is unsuitable for continuous monitoring, as it would require repeated reviews of patient 
records to capture information on treatment outcomes (near) real-time. Another 
barrier is the lack of standardization of data collection and analyses performed for 
observational studies, which is essential not only for prompt evidence generation but 
also for ensuring valid findings across studies. In addition, repeated analyses during 
the maturation of data using conventional statistical methods could increase the risk of 

1
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false-positive findings due to multiple testing. These challenges highlight the need for 
methodological advancements to support the prompt and reliable generation of RWE, 
enabling treatment decisions based on the most up-to-date information.

Objective of this thesis
The overall objective of this thesis is to complement survival outcomes data reported 
in RCTs with data from patients with advanced NSCLC treated with immunotherapy in 
clinical practice, while also evaluating methodological challenges and advancements 
for prompt evidence generation. The resulting evidence is intended to support patients 
and clinicians in making well-informed treatment decisions.

Outline of this thesis
Table 1 summarizes the contents of this thesis based on the study design aspects. 
Chapter 2 evaluates the outcomes of patients with advanced NSCLC treated with 
immunotherapy in clinical practice. Chapter 2.1 compares the real-world survival 
outcomes of patients with locally advanced NSCLC treated with adjuvant durvalumab 
with those reported in the PACIFIC RCT. Chapter 2.2 examines the real-world survival 
outcomes of pembrolizumab plus chemotherapy in advanced NSCLC, stratified by 
PD-L1 expression and histology, and compares these results with the KEYNOTE-189 
and KEYNOTE-407 RCTs.

Chapter 2.3 compares real-world treatment responses and progression-free survival 
(PFS) between nivolumab–ipilimumab plus chemotherapy and pembrolizumab 
plus chemotherapy in PD-L1–negative patients with advanced NSCLC. Chapter 2.4 
investigates the impact of concomitant medication on the microbiome and its effect on 
real-world survival outcomes in advanced NSCLC patients treated with immunotherapy, 
using a historical chemotherapy-matched cohort design.

Chapter 3 addresses methodological challenges and advancements for prompt 
evidence generation. Chapter 3.1 explores how PFS is defined, measured, and 
reported in RCTs and observational studies of patients with metastatic NSCLC treated 
with immunotherapy. Chapter 3.2 develops and evaluates a text-mining algorithm for 
prospectively capturing disease progression in EHR data from patients with metastatic 
NSCLC receiving immunochemotherapy. Chapter 3.3 presents a Bayesian survival 
model that continuously compares accumulating survival data from clinical practice with 
fixed RCT data to assess whether survival outcomes differ, thereby enabling prompt 
and interpretable insights to inform clinical and policy-related decision-making.

Finally, Chapter 4 discusses the results of the preceding chapters and their context 
and provides recommendations for the future.
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Abstract

Objective
We investigated the effectiveness of durvalumab post-concurrent CRT (cCRT) and post-
sequential CRT (sCRT) versus cCRT and sCRT alone and compared these outcomes with 
the PACIFIC trial.

Methods
Four cohorts of stage III NSCLC patients who received CRT were included: cCRT with and 
without durvalumab, sCRT with and without durvalumab. PFS and OS were analyzed 
using Cox regression.

Results
Durvalumab improved PFS (cCRT: aHR=0.74, sCRT: aHR=0.71) and OS (cCRT: aHR=0.71, 
sCRT: aHR=0.32) , although not all results were significant. PFS was longer in the real-
world than in the trial, while OS did not differ.

Conclusion
Durvalumab after CRT improved the survival outcomes. The difference between PFS in 
our study and the trial may be due to differences in follow-up methods.
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Real-world effectiveness of durvalumab

Introduction
Approximately 20-35% of patients with Non-Small Cell Lung Cancer (NSCLC) are 
diagnosed with locally advanced disease [1]. For decades, the standard treatment 
for these patients was concurrent or sequential chemoradiotherapy (cCRT or sCRT) 
[2]. However, this standard treatment regime changed with the results of the PACIFIC 
trial demonstrating a progression free survival (PFS) and overall survival (OS) benefit 
for durvalumab versus placebo after cCRT [3,4]. As a result, durvalumab after 
chemoradiotherapy (CRT) has become the first Immune checkpoint inhibitor approved 
for treating stage III NSCLC patients, and is currently considered the standard of care 
[5,6].

Nevertheless, treatment effects observed in randomized clinical trials (RCT) may 
not be observed in daily clinical practice [7,8], since these patients are usually older, 
have more comorbidities and worse performance states which could lead to worse 
baseline prognosis. Additionally, follow up of patients treated in daily clinical practice 
is less standardized than in clinical trials. Furthermore, in clinical practice, durvalumab 
after sCRT is usually offered to less fit patients [5,6], which may further influence their 
survival outcomes given that sCRT is also less effective compared to cCRT. [9]Real-world 
studies have the potential to address these knowledge gaps.

To date, 21 real-world studies evaluated the effectiveness of durvalumab in stage III 
NSCLC patients [10-30] . A meta-analysis summarized 13 of these studies (n = 1885) 
and reported marginally better OS survival rates than reported in the PACIFIC trial (12-
month OS: 90% vs. 83.3%) [31]. Also the large single arm, observational PACIFIC-R study 
(n = 1399) suggested that the effectiveness of durvalumab in the real-world is at least 
comparable with the clinical trial [10]. However, recently another large study by Sanker 
et.al (2022) demonstrated that the OS of durvalumab in the real-world is shorter than 
in the trial (median OS: 34.7 vs. 47.5 months), with an effectiveness-efficacy gap (EE gap) 
of 0.72 [26]. So far, this was the only study that quantified the difference between the 
real-world study and PACIFIC trial (expressed as EE gap) whereas other studies (n=20) 
only provided a descriptive comparison. Moreover, most observational studies (n=12) 
did not assess the relative effectiveness of durvalumab because they lack a control 
group [10,13-15, 17–22, 27,28]. Lastly, only five studies included patients treated with 
sCRT [10,11,13,22,27].

Here, we assess the real-world effectiveness of durvalumab in a Dutch cohort of stage 
III NSCLC patients who received durvalumab after cCRT or sCRT versus stage III NSCLC 
patients who received cCRT or sCRT alone. Additionally, we compare the real-world 
survival outcomes to the outcomes of the PACIFIC trial by reconstructing individual 
patient data of the trial.

2
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Methods

Setting, design and study population
We conducted a multicenter, retrospective, cohort study in five hospitals spread 
out geographically over the Netherlands, including four large teaching hospitals (St 
Antonius Hospital Utrecht/Nieuwegein, Canisius Wilhelmina Hospital Nijmegen, 
Catharina Hospital Eindhoven, OLVG Amsterdam) and one academic centre (Maastricht 
University Medical Center+). Patients diagnosed with stage III NSCLC and treated with 
CRT between January 2012 and December 2021 were identified in these hospitals. The 
following methods were used to select eligible patients; the OLVG used the Clinical 
Data Collector (CTcue®), the MUMC used their local developed and Gamp5 validated 
software application for data collection, and the SAZ, CWZ and CZE used the database 
of the Netherlands Cancer Registry.

Patients were excluded if they; received less than two cycles of platinum-based 
chemotherapy during CRT; had disease progression before the completion of CRT; or 
had lung resection during the time that CRT was applied. The population was divided 
into the following four cohorts; 1) cCRT with durvalumab, 2) cCRT without durvalumab, 3) 
sCRT with durvalumab and 4) sCRT without durvalumab. Durvalumab patients received 
at least one dose of adjuvant durvalumab. Patients treated without durvalumab were 
referred to as historical controls because they were treated with CRT alone in the 
pre-durvalumab era (before 1st of april 2018). Patients treated with CRT alone in the 
durvalumab-era were excluded.

Baseline characteristics were extracted from the patients’ Electronic Health Records 
between 30 days before and 30 days after the date of diagnosis. Follow-up information 
was collected until the end of this study on 1 July 2022. The study design is schematically 
depicted in Figure 1.

Study data were collected, anonymized, and managed using REDCap electronic data 
capture tools [32]. All methods were carried out in accordance with relevant guidelines 
and regulations. The ethics committees, the Santeon Institutional Review Board 
(SBD 2021-001) and the academic hospital Maastricht/University Maastricht (2021-
2843), approved the study and waived the need for informed consent. The study was 
performed in accordance with the ethical standards of the institutional and national 
research committee and with the 1964 Helsinki declaration and its later amendments 
or comparable ethical standards.
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Outcomes
The primary outcome PFS, expressed in months, was calculated from the index-date 
till the date of disease progression or death, or till the date of censoring, whichever 
occurred first. The date of disease progression was determined by the earliest medical 
note from the thoracic oncologist stating that the disease had progressed. The 
secondary outcome OS, expressed in months, was calculated from the index-date till 
the date of death or censoring. Patients without progression and/or those who were 
still alive at the end of follow-up were censored at the date of their last clinic visit.

The start date of durvalumab treatment was used as index date for patients treated with 
durvalumab. Because historical controls did not receive durvalumab, imputed index 
dates were used which were calculated in two steps. First, the median time between 
the start date of cCRT or sCRT and the start date of durvalumab was calculated. Second, 
for both the historical controls treated with cCRT and sCRT these median times were 
added on to the start date of CRT to generate an imputed index date. Patients within the 
historical control cohort who progressed, died or were censored before the imputed 
index date were excluded (n = 23) to avoid immortal time bias [33]. The median time 
between the start of sCRT and start of durvalumab was 146 days [range 97 – 188 days] 
and the median time between start of cCRT and durvalumab was 91 days [range 49 – 
189 days] (Figure 1).

Potential confouders and/or effect modifiers
The following characteristics were included in the analyses: age, gender, body mass 
index (BMI), Eastern Cooperative Oncology Group-Performance status (ECOG-PS), 
histology subtype and disease stage. All patient characteristics were extracted within 
30 days before or after diagnosis (Figure 1).

Data analysis
Statistical software (R version 4.1.2) was used to conduct the data analyses. Descriptive 
statistics for categorical variables were reported as the number of observations 
(proportions), while the mean [± standard deviation (SD)] was provided for normally 
distributed continuous data and the median [range] was provided for non-normally 
distributed continuous data. Chi-square and t-tests were used to compare the baseline 
characteristics between patients treated with and without durvalumab.

The Kaplan-Meier (KM) method was used to visualize survival curves for PFS and OS for 
the four cohorts. For both the sCRT and cCRT regime, patients treated with durvalumab 
were compared to patients treated without durvalumab (historical controls). For this 
comparison simple and multiple Cox regression were used to calculate unadjusted and 
adjusted Hazard Ratios (HR) and their 95% Confidence Intervals (CIs)). The covariates 

2
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mentioned above were tested with simple Cox regression analysis for both cohorts to 
identify variables associated with PFS or OS. All variables with a p-value ≤ 0.20 and three 
other variables; age, gender and the type of treatment (durvalumab or historical control, 
were used to construct multiple Cox regression models. Multiple imputation (MI) was 
used to impute the missing observations for ECOG PS under the assumption that 
data were missing at random. Lastly, for both cCRT patients treated with durvalumab 
and without durvalumab we compared the effectiveness outcomes of our cohort (the 
‘real-world’) to efficacy outcomes of the PACIFIC cohort by estimating HRs.Therefore, 
the algorithm developed by Guyot and colleagues was used to reconstruct individual 
patient data from the published OS and PFS curves from the PACIFIC trial [3, 34, 35)].

Figure 1. Study overview.
Legend: The orange rectangle displays the timeline for patients treated with concurrent chemoradiotherapy 
(cCRT) with durvalumab or without durvalumab (historical controls). The blue rectangle displays a timeline for 
patients treated with sequential chemoradiotherapy (sCRT) with durvalumab or without durvalumab (historical 
controls).
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Results

Baseline characteristics
We included 267 cCRT patients, of which 106 were treated with durvalumab and 161 
were treated without durvalumab (controls), and 116 sCRT patients, of which 21 were 
treated with durvalumab and 95 without durvalumab (controls). For the cCRT group, 
patients treated with durvalumab had a higher BMI (26.0 versus 24.8 kg/m2), more 
often an ECOG PS 1 (38.7% versus 30.4%), and less often a disease stage IIIa (41.5% 
versus 51.6%) compared with the historical controls (Table 1). In the sCRT group, patients 
treated with durvalumab were younger (64.5 versus 69.2 year) and had less often 
disease stage IIIb (38.1% versus 55.8%) compared with the historical controls.

Medians for the time between the end of CRT and the start of durvalumab, number 
of durvalumab administrations per patient and treatment duration can be found in 
Table 1. The median follow-up time was 15.4 (range: 1.0 – 46.1) months for patients 
treated with durvalumab and 25.3 (range: 0.5 – 92.5) months for patients treated 
without durvalumab.
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Survival outcomes
Progression-free survival
In the cCRT cohorts, the observed median PFS (mPFS) for durvalumab patients was 
longer (27.1 months [ 95%CI, 19.2 – not reached (NR)] versus 15.0 months [95%CI, 12.3 
– 20.7]) and the 12-months PFS rate was higher (70.2% versus 59.0%) than for historical 
control patients (Figure 2). The unadjusted HR 0.68 (95%CI, 0.48 – 0.97) and adjusted HR 
0.69 (95%CI 0.49 – 0.99) for PFS were better for patients treated with durvalumab than 
for patients treated without durvalumab. None of the other variables were significantly 
associated with PFS in the multiple Cox regression model (Table 2).

In the sCRT cohorts, the observed mPFS for durvalumab patients was slightly longer 
(8.0 months [95%CI, 4.6 – NR) versus 7.4 months [95%CI, 6.1 – 10.3]) and the 12-months 
PFS rate was higher (49.2% versus 32.6%) than for historical control patients. The 
unadjusted HR 0.77 (95%CI 0.42 – 1.42)) and adjusted HR 0.71 (95%CI 0.37 – 1.40) for 
PFS were better for patients treated with durvalumab than for patient treated without 
durvalumab, although these results were not significant. None of the other variables 
were significantly associated with PFS in the multiple Cox regression model (Table 2).

Figure 2. Kaplan-Meier curves for progression-free survival for patients who received cCRT or 
sCRT with and without durvalumab.
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Overall survival
In the cCRT cohorts, the median OS (mOS) was not reached versus 39.5 months (95%CI 
30.1-52.1 months) in patients treated with durvalumab and without durvalumab (Figure 
3). The 12-months OS rate for patients treated with durvalumab was higher than for 
patients treated without durvalumab (83.9% versus 77.5%). The unadjusted HR 0.69 
(95%CI, 0.43 – 1.10) and adjusted HR 0.71 (95%CI, 0.44 – 1.13) for OS were better for 
patients treated with durvalumab than for patients treated without durvalumab, 
although these results were not significant. None of the other included variables were 
significantly associated with OS in the multiple Cox regression model (Table 3).

In the sCRT cohorts, the mOS for durvalumab patients was not reached and the mOS 
for the historical control patients was 24.3 months. The 12-months OS rate for patients 
treated with durvalumab was higher than for patients treated without durvalumab 
(93.8% versus 65.8%). The unadjusted HR 0.31 (95%CI, 0.10 – 1.01) and adjusted 0.32 
(95%CI, 0.09 – 1.03) for OS were better for patients treated with durvalumab than for 
patients treated without durvalumab, although these results were not significant. None 
of the other included variables were significantly associated with OS in the multiple 
Cox regression model (Table 3).

Figure 3. Kaplan-Meier curves for overall survival for patients who received cCRT or sCRT with 
and without durvalumab.

2



28

Chapter 2.1

Ta
bl

e 
3.

 O
ve

ra
ll 

su
rv

iv
al

. S
im

pl
e-

 a
nd

 m
ul

tip
le

 c
ox

-r
eg

re
ss

io
n 

m
od

el
 fo

r t
he

 c
CR

T 
an

d 
sC

RT
 p

op
ul

at
io

n.

O
ve

ra
ll 

su
rv

iv
al

cC
R

T 
(n

 =
 2

67
)

sC
R

T 
(n

 =
 1

16
)

Si
m

pl
e 

m
od

el
M

ul
ti

pl
e 

m
od

el
Si

m
pl

e 
m

od
el

M
ul

ti
pl

e 
m

od
el

H
R

95
%

 C
I

p-
va

lu
e

H
R

95
%

 C
I

p-
va

lu
e

H
R

95
%

 C
I

p-
va

lu
e

H
R

95
%

 C
I

p-
va

lu
e

Ty
pe

 o
f t

re
at

m
en

t Co
nt

ro
l

D
ur

va
lu

m
ab

Re
f.

0.
69

0.
43

 - 
1.

10
0.

12
0.

71
0.

44
 –

 1
.1

3
0.

15
Re

f.
0.

31
0.

1–
1.

01
0.

05
0.

32
0.

09
 - 

1.
03

 
0.

06

Ag
e

<7
5 

ye
ar

s
≥ 

75
 y

ea
rs

Re
f.

1.
29

0.
77

 –
 2

.1
6

0.
33

1.
19

0.
67

 –
 2

.1
1

0.
55

Re
f.

0.
87

0.
50

-1
.4

9
0.

60
0.

85
0.

45
 - 

1.
61

0.
61

G
en

de
r

M
al

e
Fe

m
al

e
Re

f.
0.

95
0.

67
 –

 1
.3

6
0.

80
0.

91
0.

62
 –

 1
.3

3
0.

62
Re

f.
1.

37
0.

84
-2

.2
4

0.
21

1.
44

0.
82

 –
 2

.5
1

0.
20

BM
I

<3
0

≥3
0

Re
f.

0.
74

0.
43

 –
 1

.2
8

0.
28

Re
f.

1.
15

0.
54

-2
.4

1
0.

72

EC
O

G

PS
 0

≥ 
PS

 1
Re

f.
1.

47
1.

01
 –

 2
.1

3
0.

05
1.

43
0.

97
 –

 2
.1

0
0.

07
Re

f.
0.

96
0.

58
-1

.6
1

0.
89

0.
93

0.
54

 - 
1.

60
0.

78

D
is

ea
se

 s
ta

ge

III
a

III
b

ot
he

r (
III

c 
or

 u
nk

ow
n)

Re
f.

1.
11

0.
89

0.
77

 –
 1

.6
1

0.
42

 –
 1

.8
6

0.
57

0.
75

Re
f.

1.
10

0.
30

0.
66

-1
.8

3
0.

07
-1

.2
5

0.
72

0.
10

1.
08

0.
41

0.
61

 –
 1

.9
2

0.
09

 –
 1

.8
3

0.
79

0.
24

H
is

to
lo

gy

no
n-

sq
ua

m
ou

s
sq

ua
m

ou
s

Re
f.

0.
86

0.
48

 –
 1

.5
7

0.
62

Re
f.

0.
95

0.
72

-1
.2

6
0.

74

Ab
br

ev
ia

tio
ns

: c
CR

T,
 c

on
cu

rr
en

t c
he

m
or

ad
io

th
er

ap
y;

 s
CR

T,
 s

eq
ue

nt
ia

l c
he

m
or

ad
io

th
er

ap
y;

 B
M

I, 
Bo

dy
 M

as
s 

In
de

x;
 E

CO
G

 P
S,

 E
as

te
rn

 C
oo

pe
ra

tiv
e 

G
ro

up
 p

er
fo

rm
an

ce
 s

ta
tu

s.



29

Real-world effectiveness of durvalumab

Real-world versus PACIFIC trial
Durvalumab arm comparison
A total of 476 patients in the PACIFIC study and 105 patients in our real-world cohort 
were treated with cCRT followed by durvalumab. In the real-world, the proportion of 
males was significantly lower (50.9% vs 70.2%) and there were fewer patients with an 
ECOG PS of 1 (38.7% vs. 50.4%) than in the PACIFIC trial. The proportion of patients 
with disease stage IIIa (41.5% vs 52.9%) and with squamous histology (30.2% vs. 47.1%) 
were significantly lower in the real-world than in the PACIFIC trial. Besides, all patients 
in the PACIFIC trial were treated with durvalumab 42 days after the end of CRT while 
only 56 patients (52.8%) in the real-world received durvalumab within this timeframe 
(Table S1 supplementary appendix).

The mPFS observed in the real-world was significantly longer than the mPFS reported in 
the PACIFIC trial, respectively 27.1 months (95%CI, 19.2 – NR) and 16.8 months (95%CI, 
13.0 – 18.1) (HR = 0.64; 95%CI 0.46 – 0.91). The 12-months PFS rate was also higher for 
patients treated in the real-world versus patients treated in the PACIFIC trial (70.2% 
versus 55.9%) (Figure 4). For both cohorts, the mOS was not reached and the 12-
months survival rates were comparable, 83.8% for the real-world and 83.1% for the 
trial population. There was no significant difference observed in OS (HR = 0.83; 95%CI 
0.54 – 1.26) (Figure 5).

Figure 4. Kaplan-Meier curves for progression-free survival of patients who received cCRT with 
durvalumab and without durvalumab (controls) in the real-world and in the PACIFIC trial.
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Figure 5. Kaplan-Meier curves for overall survival of patients who received cCRT with durvalumab 
and without durvalumab (controls) in the real-world and in the PACIFIC trial.

Control arm comparison
In the PACIFIC study a total of 273 patients were treated with cCRT followed by placebo 
(hereafter referred to as controls) and in our real-world cohort 161 patients were 
treated with cCRT alone (historical controls). In the real-world, the proportion of males 
was lower (53.4% vs 70.0%) and there were fewer patients with an ECOG PS of 1 (30.4% 
vs. 51.5%) than in the PACIFIC trial. In addition, in the real-world 6 (3.7%) patients with 
an ECOG PS of 2 were included, while these patients were not included in the PACIFIC 
trial (Table S1 supplementary appendix).

Furthermore, the mPFS observed in the real-world was significantly longer than the 
mPFS reported in the PACIFIC trial (15.0 months [95%CI, 12.3 – 20.7] verus 5.6 months 
[95%CI, 4.6 – 7.8]; HR = 0.51; 95%CI 0.39 – 0.67)). The 12-months PFS rate was also 
higher for patients treated in the real-world versus patients treated in the PACIFIC trial 
(59.0 versus 35.3%), see Figure 4. The mOS observed in the real-world was longer than 
the mOS observed in the PACIFIC (39.5 [95%CI versus 28.7 months [95%CI, 22.9 – NR]) 
(HR = 0.79; 95%CI 0.59 – 1.05)). The 12-months OS rates were comparable between the 
real-world and the PACIFIC trial (77.5 versus 75.3%) (Figure 5).
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Discussion
In this retrospective follow-up study, we assessed the real-world effectiveness of 
durvalumab after cCRT or sCRT in patients with stage III NSCLC. Our findings illustrate 
that administering durvalumab after CRT improves both PFS and OS compared to 
historical controls treated with CRT alone, although statistical significance is lacking. 
Moreover, the mPFS for durvalumab treatment reported in our study (27.1 months) was 
significantly longer than the mPFS in the PACIFIC trial (16.8 months), while the OS results 
did not differ. The difference in mPFS could be the result of differences in follow-up 
methods between the real-world and clinical trial.

For patients treated with cCRT in our cohort, durvalumab improved the PFS (HR 0.74) 
and the OS (HR 0.71). Our HRs were in line with the HRs reported by Sanker et. al. and 
Pichert et. al.[25, 26] According to the large study of Sanker et. al (n = 1995), durvalumab 
after cCRT improved the PFS (HR 0.62, 95% CI 0.55–0.70) and OS (HR 0.57, 95% CI 
0.50–0.66) compared to cCRT alone. According to the cancer registry study of Pichert et. 
al., durvalumab after CRT improved the OS compare to CRT alone (HR 0.71, 95%CI 0.67 – 
0.82). However, this result was not stratified for cCRT or sCRT and PFS was not assessed.

For patient treated with sCRT in our study, durvalumab improved both the PFS (HR 
0.71) and OS (HR 0.31), although few patients (n=21) were treated with durvalumab. To 
our knowledge, no studies have evaluated the relative effectiveness of durvalumab 
after sCRT. Nevertheless, in a large single arm study (PACIFIC-R), patients treated with 
durvalumab after sCRT had shorter PFS than patients treated with durvalumab after 
cCRT (19.3 vs 23.7 months). Also the phase II PACIFIC 6 trial reported a short mPFS of 
10.9 months [36]. However, in the study of Vranker et.al., the PFS of durvalumab was 
not influenced by the type of CRT (sequential or concurrent) in the univariable analysis 
[27]. Of note, sCRT is proposed for elderly and/or less fit patients with clinically relevant 
comorbidities, which might explain the inferior PFS outcomes of patients treated with 
sCRT versus patients treated with cCRT [5, 37].

We also compared the PFS of cCRT patients treated with durvalumab in our cohort with 
the PFS of cCRT patients treated with durvalumab in the trial. We observed a significant 
HR of 0.64 (95%CI 0.46 – 0.91) in favor of durvalumab in the real-world. This additional 
PFS benefit in the real-world population does not extend to OS outcomes because the 
OS benefit in our cohort was comparable to the OS reported in the PACIFIC trial. Our 
observation is in line with the results of the PACIFIC-R study, which showed a longer 
PFS (21.7 months) [10] than in the PACIFIC trial (16.8 months) [3]. Bruni et al. also found 
superior PFS outcomes (23.0 months) in real-world patients receiving durvalumab [22]. 
The OS observed in both studies did not reach the median and therefore could not be 
compared with the registration trial.
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These findings give rise to the question whether the PFS observed in the real world is 
overestimated, especially in the context of a comparable OS. This observation may be 
explained by differences in establishing progressive disease. First, in the real-world, the 
frequency of radiological imaging is lower and less consistent than the strictly timed 
imaging scheme (every 8 weeks) used in the PACIFIC trial, which caused delayed or even 
missed progression events near the end of follow up. [38, 39] Second, the radiological 
evaluation of treatment response in the context of CRT is complex because it is 
difficult to distinguish true progression from radiation fibrosis [40]. In clinical practice, 
physicians may be extra careful to declare that patients have progressive disease and to 
prematurely discontinue immunotherapy. Third, contrary to the original RECIST criteria, 
the iRECIST criteria require confirmation of progressive disease within 4-8 weeks after 
the initial signs of progression of new disease [41-44] . So, the use of the iRECIST in the 
real world could delay the detection of progression events and probably fewer true 
progression events may occur. [42] These effects might be observed in the decline 
around two months in PFS KM curves of the PACIFC trial (Figure 4), whereas the first 
drop in the PFS curve of our cohort is later and smaller than the first drop in the PFS 
curve of the PACIFIC. Our observation of prolonged PFS but similar OS in the real-world 
versus the trial appears unique to durvalumab post-CRT treatment, since we did not 
find comparable results for other immunotherapy treatments in the context of NSCLC.

The real world effectiveness of durvalumab appears to be a complex area of research 
for several reasons. In addition to the aforementioned challenge of defining progressive 
disease in the setting of CRT and immunotherapy, several studies [11,16,22,29] used 
the end of CRT rather than the start of durvalumab as the index date for the calculation 
of PFS which leads to an overestimated PFS. Also, the duration of sCRT is longer than 
cCRT, which may have affected the outcome measures of durvalumab in studies that 
did not include historical controls. Finally, including a historical cohort requires the 
imputation of an index date and exclusion of patients that progressed before that 
date. The strengths of our study are that we used a valid index date and minimized 
the risk for immortal time bias. [45] We also included historical controls to investigate 
the relative effectiveness of durvalumab and we are the first to include a sCRT cohort. 
Our study also has some limitations. First, our study lacks power to properly evaluate 
the effect of durvalumab in a cohort of sCRT pretreated patients. Second, the follow-
up time for patients treated with durvalumab was relatively short which explains why 
the median OS was not reached. Another limitation is that we do not have information 
on the follow-up methods for disease progression to confirm our explanation for the 
differences seen in PFS between the real-world and the PACIFIC trial. Lastly, at baseline, 
the tumor PDL1 expression was not available in the majority of patients (n=244, 64%).
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Conclusion
In both the sCRT and cCRT cohort, we observed that durvalumab following CRT improves 
the survival outcomes compared to CRT alone. The observed PFS of durvalumab after 
cCRT in our cohort is significantly longer than the PFS reported in the PACIFIC trial 
which could be the result of differences in follow-up methods between the real-world 
and clinical trial.
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Supplementary

Table S1. Patient characteristics of NSCLC patients who received cCRT with or without durvalumab 
in the real-world and in the PACIFIC trial.

Characteristics Durvalumab Controls

Real-world PACIFIC p-value Real-world PACIFIC P-value

(n = 106) (n = 476) (n=161) (n = 237)

Age (median(range)) 65 (36 - 83) 64 (31-84) - 65 (37 - 83) 64 (23-90) -

Sex (male, n (%)) 54 (50.9) 334 (70.2) <0.01 86 (53.4) 166 (70.0) 0.19

BMI (mean, sd) 26.0 (4.5) - - 24.8 (4.5) - -

ECOG PS (n (%)) 0.03 <0.01

0 62 (58.5) 234 (49.2) 90 (55.9) 114 (48.1)

1 41 (38.7) 240 (50.4) 49 (30.4) 122 (51.5)

≤2 1 (0.9) - 6 (3.7) -

unknown 2 (1.9) - 16 (9.9) -

Disease stage (n, (%)) <0.01 0.43

IIIa 44 (41.5) 252 (52.9) 83 (51.6) 125 (52.7)

IIIb 46 (43.4) 212 (44.5) 70 (43.5) 107 (45.1)

IIIc 6 (5.7) 0 3 (1.9) 0

nos 10 (9.4) 12 (2.5) 5 (3.1) 5 (2.1)

Histology (n, (%)) <0.01 0.16

Squamous 32 (30.2) 224 (47.1) 58 (36.0) 102 (43.0)

Nonsquamous 74 (69.8) 252 (52.9) 103 (64.0) 135 (57.0)

Days between end radiation and 
start durvalumab

- -

≤ 42 days 56 (52.8) 476 (100%) - -

> 42 days 50 (47.2) 0 - -

Abbreviations: ECOG PS, Eastern Cooperative Group performance status; PD-L1, programmed death ligand-1; 
nos, not otherwise specified
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Abstract

Background
Clinical trial efficacy and real-world effectiveness of oncological treatments can differ. 
This study assessed the real-world survival outcomes of first-line pembrolizumab plus 
chemotherapy per PD-L1 stratum in patients with metastatic non-small cell lung cancer 
(mNSCLC) and compared them to clinical trial results.

Methods
All patients with non-squamous and squamous mNSCLC who received first-line 
pembrolizumab plus chemotherapy in seven Dutch teaching hospitals between 01-
01-2019 and 31-12-2021 were included. Hazard ratios (HR) with confidence intervals 
(95%CI) for overall survival (OS) and progression-free survival (PFS) were estimated to 
determine the efficacy-effectiveness gap (EE gap) between real-world and clinical trial, 
stratified by PD-L1 stratum.

Results
The non-squamous cohort (n=486) consisted of 269 patients with PD-L1 <1%, 158 
with PD-L1 1-49%, and 59 with PD-L1 ≥50%. The squamous cohort (n=117) consisted 
of 70 patients with PD-L1 <1% and 47 with PD-L1 ≥1%. For OS, an EE gap was observed 
in non-squamous patients with PD-L1 <1% (HR 1.38 (95%CI 1.06 – 1.78; median OS 
(mOS) 10.0 versus 17.2 months) and HRs consistently >1 in all other non-squamous 
and squamous PD-L1 strata, although not statistically significant. No EE-gap for PFS 
was observed in any stratum.

Conclusion
No significant efficacy-effectiveness gap was found for pembrolizumab plus 
chemotherapy, except in the stratum non-squamous metastatic NSCLC with <1% PD-L1 
tumor expression. In these patients, the survival in real-world was considerably shorter 
compared to the clinical trial results. Further studies are needed to determine which 
patient, treatment and or context factors contribute to this disparity.
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Introduction
Approximately one million patients are worldwide diagnosed with metastatic non-small-
cell lung cancer (NSCLC) each year [1]. The introduction of immune checkpoint inhibitors 
targeting PD-1/PD-L1, such as pembrolizumab, nivolumab, atezolizumab and cemiplimab, 
has improved the survival outcomes for metastatic NSCLC patients without oncogenic 
driver mutations [2].

The KEYNOTE-189 and KEYNOTE-407 trials evaluated the use of pembrolizumab in 
combination with chemotherapy as a first-line treatment option for metastatic NSCLC 
patients [3,4]. Both trials demonstrated that pembrolizumab plus chemotherapy 
improved survival outcomes compared to chemotherapy alone, regardless of PD-L1 
expression. In addition, for patients with a high PD-L1 expression (PD-L1 ≥50%) the 
KEYNOTE-042 trial reported improved survival outcomes with pembrolizumab as 
monotherapy [5]. As a result, current guidelines [6] recommend pembrolizumab plus 
chemotherapy in patients with no (PD-L1 <1%) or intermediate (PD-L1 1-49%) PD-L1 
expression. For patient with high PD-L1 expression (PD-L1 ≥ 50%), pembrolizumab 
monotherapy is recommended, unless a rapid tumor response is required, in which 
pembrolizumab plus chemotherapy may be considered.

Treatment effects observed in clinical trials may differ from effects observed in 
clinical practice, also known as the efficacy-effectiveness gap (EE gap) [7,8]. Recently, 
a systematic evaluation of the EE-gap of systemic treatments in metastatic NSCLC 
(n=1063) revealed a median OS (mOS) being approximately 30% shorter in clinical 
practice compared to the corresponding clinical trials [8]. This EE gap was consistently 
observed for all chemotherapy regimens studied. Now that pembrolizumab is added to 
chemotherapy, a similar EE gap may exist. Because the choice of treatment regimen is 
based on PD-L1 status, an appropriate assessment of an EE-gap should be conducted 
per PD-L1 stratum to prevent selection bias.

The objective of the present study is to assess the real-world survival outcomes of 
pembrolizumab plus chemotherapy per PD-L1 stratum of patients with non-squamous 
and squamous metastatic NSCLC and compare these outcomes to the clinical trial results.

Methods

Study design, setting, participants
This study was a multicenter cohort study conducted in the Santeon group, a network of 
seven large non-university teaching hospitals spread geographically over the Netherlands 
and serving approximately 15% of the Dutch population. Eligible patients were identified 
in the ‘Santeon Farmadatabase’, a database that contains prospectively documented 
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individual patient data on drug prescriptions and diagnoses for all patients treated 
within one of the participating hospitals [9]. For this study, patients were selected if 
they were diagnosed with metastatic NSCLC without EGFR or ALK genomic aberrations 
and had received at least one cycle of pembrolizumab plus chemotherapy as first line 
treatment between 1 January 2019 and 31 December 2021. The index date was defined 
as the date of the first pembrolizumab administration. Subsequently, the electronic 
health records from all selected patients were manually reviewed to collect baseline 
characteristics (30 days before and after diagnosis), treatment characteristics and 
follow-up outcomes. The last date of follow-up was 1 August 2022. The PD-L1 status, 
measured through immunohistochemistry, was collected from the EHR, and patients 
without an assessable PD-L1 status were excluded at this stage. To compare findings 
with the relevant corresponding KEYNOTE clinical trials, the study population was split 
into two cohorts. The non-squamous cohort included patients with non-squamous 
histological subtypes who received pembrolizumab plus pemetrexed-platinum. The 
squamous cohort included patients with squamous or unknown histological subtypes 
who received pembrolizumab plus paclitaxel-platinum. The construction of the cohorts 
is schematically depicted in Figure 1. Patients were stratified based on PD-L1 status 
within both cohorts, allowing for a comparison with the corresponding strata in the trials.

Figure 1. Study design
Abbreviations: ptx, paclitaxel; pem, pemetrexed; pembro, pembrolizumab; platinum, cisplatin or carboplatin.

Outcomes
The primary outcome measures were overall survival (OS) and progression-free survival 
(PFS). The OS was calculated from the index date till the date of death or censoring. 
Date of censoring was the last clinic visit before the end of follow-up (1 August 2022). 
PFS was calculated from the index date till the date of disease progression, death or 
censoring, whichever occurred first. Progression of disease was determined according 
to local protocols including semi-standardized response assessment schemes, where 
the first radiological response assessment was scheduled 6-9 weeks after treatment 
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initiation and whenever feasible (immune) RECIST criteria were applied. In this study, 
the date of disease progression was defined as the date of the first medical note of the 
thoracic oncologist stating that the disease had progressed.

Patient and treatment characteristics
The following patient and treatment characteristics were collected for every patient; 
age at diagnosis, sex, body mass index (BMI), Eastern Cooperative Oncology Group-
Performance status (ECOG PS), histological subtype, presence of brain metastasis, the 
type of platinum-based chemotherapy (cisplatin or carboplatin), the number of cycles of 
platinum based chemotherapy, the treatment duration of pembrolizumab, and whether 
or not further lines of treatment have been initiated.

Data analysis
Statistical software (R version 4.1.2) was used to conduct the data analysis. The patient 
and treatment characteristics were presented and compared between the real-world 
PD-L1 strata within the non-squamous and squamous cohorts, using chi-square, t-tests, 
Wilcoxson sum rank test and fisher exact tests when appropriate. Notably, in absence 
of PD-L1 stratified patient data from the clinical trials, a comparison with characteristics 
of trial participants was only possible with the overall trial population.

The Kaplan-Meier (KM) method was used to visualize the PFS and OS survival curves 
and estimate median OS (mOS) and median PFS (mPFS) of real-world patients for the 
following strata: non-squamous <1% PD-L1, non-squamous 1-49% PD-L1, non-squamous 
≥50% PD-L1, squamous <1% PD-L1, and squamous >1% PD-L1.

The EE-gap for the survival curves for the aforementioned strata of the real-world 
population were compared with the data from the corresponding trial strata using 
Cox proportional regression modelling to estimate Hazard Ratios and 95% confidence 
intervals (95%CI). The algorithm developed by Guyot and colleagues [10] was used to 
reconstruct data from the available OS and PFS curves from the PD-L1 strata of the 
KEYNOTE-189 [11] and -407 [12] trials. The survival curves of all models were visually 
assessed to test whether the proportional hazard assumption was met, and in cases 
where the assumption was violated, HRs were not reported. Lastly, a sensitivity analysis 
was performed, including only patients with an ECOG PS of 0 and 1, to evaluate whether 
differences in ECOG PS impacted the OS and PFS EE gaps.

Ethical statement
All methods were carried out in accordance with relevant guidelines and regulations. 
The ethics committee—the Santeon Institutional Review Board—approved the study 
(SDB 2019-008) and waived the need for informed consent because of the retrospective 
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nature of the study and most patients were deceased at time of conducting the study. 
The study was performed in accordance with the ethical standards of the institutional 
and national research committee and with the 1964 Helsinki declaration and its later 
amendments or comparable ethical standards.

Results
In total, 633 patients started with pembrolizumab plus chemotherapy in the study 
period. Of these patients, 30 (23 non-squamous and 7 squamous) had no PD-L1 
assessment available, resulting in an overall study population of 603 patients, including 
486 patients with non-squamous and 117 patients with squamous histology.

Patient and treatment characteristics
Table 1 presents the patient characteristics and Table 2 presents the treatment 
characteristics of both cohorts and their PD-L1 strata.

Non-squamous cohort
In the non-squamous population, 269 (55.4%) patients had <1% PD-L1 expression, 
158 (32.5%) patients had 1-49% PD-L1 expression, and 59 patients (12.1%) had ≥50% 
PD-L1 expression. In the KEYNOTE-189 trial 410 patients received pembrolizumab 
plus chemotherapy of whom 127 (31.0%) patients had <1% PD-L1 expression, 128 
(31.2%) patients had 1-49% PD-L1 expression and 132 (32.2%) patients had ≥50% 
PD-L1 expression. The characteristics of the patients were similar for all PD-L1 strata 
in clinical practice, except for the presence of brain metastases and the duration of 
pembrolizumab therapy.

In comparison to the KEYNOTE-189, the proportion of patients with an ECOG PS ≥ 2 and 
an unknown ECOG PS were higher in all three PD-L1 strata (Table 1). The proportion 
of patients receiving ≥ 4 cycles of platinum-based chemotherapy and subsequent 
treatment were lower in all PD-L1 strata (Table 2).

Squamous cohort
In the squamous cohort, 70 (59.8%) and 47 (40.2%) patients had a PD-L1 expression 
of <1% and ≥1% respectively, compared to 95 (34.2%) and 176 (63.4%) patients in 
pembrolizumab arm of the KEYNOTE-407 trial (n =278). In the real-world, brain 
metastasis were more frequent in patients with ≥1% PD-L1 expression than in patients 
with <1% PD-L1 expression.

In comparison to the KEYNOTE-407, the median age and the proportion of patients 
with ECOG PS ≥ 2 and an unknown ECOG PS were higher in both PD-L1 strata. The 
proportions of patients receiving ≥ 4 cycles of platinum-based chemotherapy and 
subsequent treatment were lower in both PD-L1 strata. (Table 2).
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Survival outcomes
Non-squamous cohort
For all PD-L1 strata, the mOS in the real-world was shorter than in the KEYNOTE-189 
trial (Figure 2). The difference in mOS was most pronounced in patients with a PD-L1 
expression of less than 1% with a significantly shorter mOS in the real-world than in 
the trial (10.0 versus 17.1 months; HR = 1.38 [95%CI, 1.06 – 1.78]). The mOS was slightly, 
but not significantly, shorter in the real-world for patients with a PD-L1 expression of 
1-49% (19.9 versus 21.8 months; HR 1.10 [95%CI, 0.80 – 1.51]) and for patients with a 
PD-L1 expression of ≥50% (26.2 versus 27.7 months, HR = 1.21 [95%CI, 0.76 – 1.89]). The 
one-year survival was lower across all PD-L1 strata when compared to the trial, namely 
44.8% versus 63.4% for PD-L1 <1%, 59.1% versus 71.1% for PD-L1 1-49% and 63.9% 
versus 73.3% for PD-L1 ≥ 50%. Regarding PFS, for the PD-L1 <1% and 1-49% strata no 
significant difference was observed between the real-world and the trial. In the PD-L1 
≥50% stratum, the mPFS was longer in the real-world than in the trial (22.2 versus 
11.1 months). However, this should be interpreted with caution since the proportional 
hazard assumption was violated (Figure 2F). A sensitivity analysis including only patients 
with ECOG 0 and 1 yielded similar OS and PFS EE-gaps (supplementary Table S1).

Squamous cohort
The mOS observed in patients with <1% PD-L1 was shorter in the real-world than in 
the KEYNOTE-407 trial (10.0 versus 15.0 months; HR = 1.37 [95%CI 0.92 – 2.04]), see 
Figure 3. For patients with ≥ 1% PD-L1, the mOS observed in the real-world was longer 
than the mOS observed in the trial (25.6 versus 18.9 months). However, the observed 
mOS should be interpreted with caution since the proportional hazard assumption 
was violated (Figure 3B). The one-year survival for PD-L1 <1% was lower in the real-
world than in the trial (49.9% versus 64.2%), while it was similar for PD-L1 ≥1% (61.3% 
versus 64.8%). There were no differences in PFS with the KEYNOTE-407 trial in both 
PD-L1 strata.
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Figure 2. Kaplan-Meier survival curves for non-squamous patients stratified for PD-L1 strata: 
comparison of real-world versus KEYNOTE-189 on overall survival A) PD-L1 <1% stratum B) PD-
L1-49% stratum C) PD-L1 >50% stratum and progression-free survival D) PD-L1 <1% stratum E) 
PD-L1-49% stratum F) PD-L1 >50% stratum.

Figure 3. Kaplan-Meier survival curves for squamous patients stratified for PD-L1 strata: com-
parison of real-world versus KEYNOTE-407 on overall survival A) PD-L1 <1% stratum B) PD-L1 
≥1 % stratum and on progression-free survival C) PD-L1 <1% stratum D) PD-L1 ≥1 % stratum.
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Discussion
This study found that in real-world clinical practice, patients with non-squamous 
metastatic NSCLC and <1% PD-L1 expression who were treated with first line 
pembrolizumab plus chemotherapy experienced significantly shorter OS compared 
to the corresponding clinical trial. Additionally, HRs above 1 were observed for OS in 
the other non-squamous and squamous PD-L1 strata, although these results did not 
reach statistical significance. For PFS no EE-gap was detected in any of the PD-L1 strata.

Our observation, which demonstrates a tendency towards shorter OS in clinical practice 
than in the clinical trials, builds upon existing literature on chemotherapy treatment 
outcome disparities in NSCLC 8 and aligns with previous real-world studies evaluating 
the effectiveness of pembrolizumab plus chemotherapy in non-squamous metastatic 
NSCLC patients. For example, the observed one-year survival rates approximate the 
findings from Liu et al. [13], and Velcheti et al. [14] except for patients with <1% PD-L1 
where we observed worse survival rates (44.8% vs 54.5% [13] and 54% [14]).

Explanations for the observed divergence in OS could be differences in the patient and 
treatment characteristics between the real-world and trial cohorts. In the KEYNOTE-189 
and -407 trial, only patients with an ECOG PS of 0 and 1 were enrolled, whereas our 
study also has patients with an ECOG PS ≥ 2, a significant predictor of poorer survival 
outcomes [15], as well as patients with unknown ECOG PS. However, after excluding 
these patients, the EE gap (presented as HR estimate) remained above 1 in all PD-L1 
strata indicating less effect even in ECOG PS 0-1 patients (supplementary Table S1). 
Although it cannot be excluded that in routine care ECOG PS is scored favorably 
sometimes [16], this suggests that also factors other than the ECOG PS play a role. 
For example, in the real-world population, less patients received subsequent lines 
of treatment, and a lower proportion of patients completed four or more cycles of 
platinum-based chemotherapy during the induction phase. This could indicate 
differences in patient’s perference or physician’s awareness of additional treatment 
options (e.g. investigational products). However, other unmeasured factors are 
likely to be involved as well. Recently, Lasiter et al. showed that even with a common 
protocol approach in five datasets, heterogeneity in real-world OS outcomes from 
pembrolizumab plus chemotherapy persists [17].

Notably, in contrast to OS, no EE gap for PFS was observed in the present study. 
This, however, does not necessarily mean that there is no gap because the PFS in 
the real-world could be overestimated. In our previous study investigating the EE gap 
of durvalumab [18], we observed longer PFS in clinical settings than in the trial. This 
discrepancy may be attributed to variances in the assessment of disease progression. 
In clinical trial settings, treatment response is assessed using strict imaging schemes, 
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and independent radiologists interpret these images while adhering strictly to (i)RECIST 
criteria. On the other hand, in real-world settings, treatment response is assessed with 
varying frequency of imaging and involves interpretation by different radiologists and 
thoracic oncologists, who may not consistently adhere to (i)RECIST criteria [19].

A clinically relevant finding of this study is that the OS EE gap was most pronounced 
in non-squamous patients with <1% PD-L1 expression. Various factors could explain 
this observation. First, the shorter OS in patients with <1% PD-L1 could be attributable 
to post progression treatment effects. Notably, only 16.7% of PD-L1<1% patients 
received subsequent treatment in our study whereas 44.6% of the total trial population 
received a subsequent treatment (Table 2). Although a lower frequency of subsequent 
treatments is also observed in the PD-L1 1-49% and ≥50% strata in our study, the 
impact on survival might be larger in PD-L1 <1% patients. This is supported by the 
4-year update of KEYNOTE-189, that showed that second-line treatments were more 
effective than first-line treatment in PD-L1 <1% patients as measured by PFS, but not 
for the other PD-L1 strata [20]. Another possible explanation could be that in clinical 
practice, early discontinuation of immunotherapy, along with chemotherapy, took 
place more frequently in patients with <1% PD-L1 (82% versus 64% (PD-L1 1-49%) and 
75% (PD-L1≥50%), p = 0.04, see Supplementary Table S2). This could suggest a lower 
conviction to maintain immunotherapy in patients with PD-L1 <1%. At the same time, the 
recent results of the EMPOWER-3 trial might have contributed decisions to discontinue 
pembrolizumab, since the trial demonstrated no OS benefit (HR = 1.01, 95%CI 0.63 – 
1.60) for patients with PD-L1 <1% treated with cemiplimab plus chemotherapy versus 
chemotherapy alone [21]. Another possible explanation for the more pronounced EE 
gap in the PD-L1 <1% stratum could be that fewer patients in clinical practice completed 
the four cycles of induction chemotherapy. Cytotoxic chemotherapy is considered to 
enhance modulation of the immune response through PD-L1 inhibition [22][23] and it is 
conceivable that the non-completion of four cycles has a larger impact in patients with 
a priori no PD-L1 expression compared to patients with PD-L1 expression at baseline. 
Lastly, considering the lack of efficacy observed in other immuno-chemotherapy trials, it 
is possible that the effects seen in patients with <1% PD-L1 treated with pembrolizumab 
combination in the KEYNOTE-189 trial might be overestimated due to favorable 
patient characteristics occurring by chance. Unfortunately, aggregated baseline and 
treatment characteristics nor individual patient level data per PD-L1 stratum from the 
KEYNOTE-189 are available in the public domain. Access to individual patient level data 
from trial participants would allow a more comprehensive multi-variable regression 
analysis into potential factors responsible for the observed EE gap. [24]

In all PD-L1 strata, the real-world mOS for patients treated with pembrolizumab plus 
chemotherapy was longer compared to the real-world mOS reported by Cramer et.al. for 
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chemotherapy alone in the pre-immunotherapy era, with the smallest survival benefit 
observed in patients with <1% PD-L1 expression. In this stratum, the absolute mOS 
difference observed in the real-world was smaller (10.0 versus 8.9 and 6.5 months for 
cisplatin-pemetrexed and carboplatin-pemetrexed) than in the KEYNOTE-189 trial (17.2 
versus 10.2 months). This supports that the real-world effectiveness of pembrolizumab 
plus chemotherapy is impaired in patients with no PD-L1 tumor expression. Another 
licensed regimen with nivolumab plus ipilimumab and chemotherapy might be an 
alternative for these patients [25] because this combination targets both the PD-L1 
and CTLA-4 receptors. Unfortunately, real-world comparative effectiveness data of 
these two regimens in PD-L1 negative patients are not available yet, but needed to 
judge about the optimal first-line systemic treatment in these specific patients.

The study has several strengths, including its multicenter design, large total sample 
size and long follow-up time. However, this study also has some limitations. First, both 
trials lacked data about patient’s characteristics per PD-L1 stratum, preventing an 
evaluation of patient characteristics as explanation for the EE gap. Additionally, the 
sample sizes of the squamous PD-L1 ≥1% and non-squamous PD-L1≥50% strata are 
relatively small. While the survival curves showed divergence, there results should be 
interpreted with caution. Furthermore, the absence of information on the frequency 
of radiological imaging to determine disease progression limited the investigation of a 
less strictly timed imaging scheme as a possible explanation for the absence of an EE 
gap in PFS. Finally, the real-world cohorts had a higher proportion of PD-L1 negative 
patients compared to the trials (non-squamous cohort: 59.8% versus 31.2% and 
squamous cohort: 55.4% versus 31.0%). This was partly due to the exclusion of patients 
treated with pembrolizumab monotherapy for PD-L1 expression ≥50%. Nonetheless, 
the ratio of PD-L1<1%/PD-L1 1-49% indicates a relatively high proportion of PD-L1 
negative patients. This could indicate differences in how PD-L1 status is assessed in 
the Netherlands. On the other hand, when patients would have been misclassified 
as no PD-L1 expression, exclusion of misclassified patients would only increase the 
magnitude of the EE gap in this stratum even further.

Conclusion
No significant efficacy-effectiveness gap was found for pembrolizumab plus 
chemotherapy, except in the stratum non-squamous metastatic NSCLC with <1% PD-L1 
tumor expression. In these patients, the survival in real-world was considerably shorter 
compared to the clinical trial results. Further studies are needed to determine which 
patient, treatment and or context factors contribute to this disparity.
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Supplementary

Table S1. Sensitivity analysis for the EE gap for OS and PFS (expressed as HR) for each PD-L1 
stratum, only including patients with an ECOG PS 0 and ECOG PS 1.

Stratum Number of  
pembrolizumab patients

HR for OS (95%CI)
(real-world vs trial)

HR for PFS (95%CI)
(real-world vs trial)

Real-world (n) Clinical trial (n)

Non-squamous cohort

PD-L1 < 1% 184 127 1.24 (0.60 – 1.08) 1.06 (0.77 – 1.28)

PD-L1 1-49% 113 128 1.17 (0.60 – 1.20) 1.13 (0.66 – 1.18)

PD-L1 ≥ 50% 39 132 1.13 (0.52 - 1.51) Non proportional hazard

Squamous cohort

PD-L1 < 1% 45 95 1.32 (0.49 – 1.19) 1.14 (0.60 – 1.30)

PD-L1 ≥ 1% 26 176 Non-proportional hazard 0.91 (0.68 – 1.76)

Table S2. Patients who prematurely discontinue platinum-based chemotherapy (<4 cycles) and 
also prematurely discontinue pembrolizumab (<4 cycles), stratified per PD-L1 stratum.

PD-L1 <1%
(n = 269)

PD-L1 1-49%
(n = 158)

PD-L1 ≥ 50%
(n =59)

p value

Premature discontinuation (<4 cycles) of 
chemotherapy (n, (%))

99 (36.7) 55 (34.8) 16 (27.1) 0.37

Premature discontinuation (< 4 cycles) of 
pembrolizumab in patients who prematurely 
discontinue chemotherapy (n, (%*))

81 (81.8) 35 (63.6) 12 (75.0) 0.04

*percentage was calculated from the number of patient who prematurely discontinue chemotherapy .
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Abstract

Background
Recently, the combination of nivolumab, ipilimumab and chemotherapy (NIC) became 
available for the treatment of metastatic non-small cell lung cancer (mNSCLC). This 
study aimed to compare the real-world outcomes of NIC with the current standard 
of care pembrolizumab plus chemotherapy (PC) in PD-L1 negative mNSCLC patients 
treated in clinical practice and to compare these outcomes with the results of the 
Checkmate-9LA trial.

Methods
mNSCLC patients with PD-L1<1% treated with NIC or PC at two large hospitals in the 
Netherlands between 2019 and 2024 were included. The objective response rate (ORR) 
progression-free survival (PFS) and treatment characteristics of patients treated with 
NIC were compared to those of patients treated with PC. Additionally, the outcomes 
from NIC were compared to the results from the CheckMate9LA trial. A multivariate 
Cox regression was used to calculate PFS hazard ratios (HR).

Results
PD-L1 negative mNSCLC patients treated with NIC had a higher ORR than those treated 
with PC (41% versus 27%). The PFS was slightly longer for patients treated with NIC 
versus PC (5.5 versus 4.5 months, aHR=0.91 [95%CI0.59–1.58]), although not statistically 
significant. Treatment discontinuation rates were comparable between the NIC and PC 
cohorts (72% vs 68%). The outcomes for patients treated with NIC in clinical practice 
were comparable to the Checkmate-9LA trial.

Conclusion
For mNSCLC patients with <1% PD-L1 expression, the treatment responses to NIC 
were numerically better than to PC. Larger cohorts with longer follow-up and survival 
outcomes are needed to further establish the role of NIC in PD-L1 negative patients.
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Introduction
In patients with non-squamous metastatic non-small cell lung cancer (mNSCLC) 
and <1% PD-L1 expression, the combination of pembrolizumab (PD-1 inhibitor) 
plus chemotherapy (PC) has been the standard first-line treatment, based on 
the KEYNOTE-189 trial [1,2]. Recently, the Checkmate-9LA trial introduced a new 
regimen combining nivolumab (PD-1 inhibitor) and ipilimumab (CTLA-4 inhibitor) with 
chemotherapy (NIC), showing a survival benefit for patients with <1% PD-L1 expression, 
who are under 75, have a smoking history, and lack liver metastases [3]. As a result, NIC 
is now offered in the Netherlands to mNSCLC patients fitting these criteria. A network 
meta-analysis, which indirectly compared the efficacy of these treatments, suggested 
that NIC was associated with better overall survival (OS) than PC in PD-L1 negative 
patients [4]. However, a head-to-head trial is lacking, so currently the best treatment 
option in PD-L1 negative patients remains unknown.

Unfortunately, survival outcomes reported in randomized controlled trials (RCTs) are 
rarely mirrored in daily practice as real-world patients differ significantly from those in 
RCTs. Patients in daily practice are often older, have more comorbidities, and a worse 
performance status leading to worse survival outcome. Indeed, the overall survival (OS) 
of mNSCLC patients receiving systemic treatments in clinical practice is notably lower 
than the OS reported in the trials [5,6].

This study aims to assess the real-world outcomes of nivolumab plus ipilimumab 
combined with chemotherapy in mNSCLC patients with <1% PD-L1 expression and to 
compare these results with historical controls of mNSCLC <1% PD-L1 patients treated 
with pembrolizumab and chemotherapy. In addition, these outcomes will be compared 
to the PD-L1<1% subgroup from the Checkmate-9LA to assess how clinical trial results 
translate to real-world practice.

Methods

Study objective and design
The objective of this multicenter, historical cohort study is to compare the effectiveness 
of NIC and PC in mNSCLC patients with <1% PD-L1 expression. Patients who received at 
least one cycle of first-line NIC at the St. Antonius hospital in Nieuwegein/Utrecht or Isala 
hospital in Zwolle between 1 January 2022 and 1 October 2024were included in the real-
world NIC cohort. These patients were compared to historic controls diagnosed with 
mNSCLC and <1% PD-L1 expression who were treated with PC at St. Antonius hospital 
between 1 January 2019 and 31 December 2021 (real-world PC cohort) (13). Patients 
were excluded if actionable genomic alterations such as EGFR and ALK were found. All 
patients with squamous histology without smoking history and non-squamous histology 
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were tested for actionable genomic alterations., The outcomes of the real-world NIC 
cohort were compared to those of the PD-L1 <1% patient cohort treated with NIC in 
the Checkmate9LA trial (CM-9LA) (4). This study followed the observational research 
guidelines of the European Society for Medical Oncology Guidance for reporting real-
world evidence (ESMO GROW) [7].

Data source and variables
The following baseline characteristics were manually extracted from medical charts 
30 days before and 30 days after the start date of the treatment: age, gender, eastern 
cooperative oncology group performance status (ECOG PS), body mass index (BMI), 
smoking status, KRAS mutation, and the presence and location of metastases. Follow-
up information was extracted until the end of this study on 23 December 2024. All study 
data were collected, anonymized, and managed in REDCap electronic data capture tool.

Outcomes
The primary outcome of this study was the objective response rate (ORR), defined 
as the percentage of patients with a complete or partial response as their best 
overall response. The study also assessed the disease control rate (DCR), defined 
as the percentage of patients with a complete or partial response or stable disease 
as their best overall response. The patient’s response to treatment was determined 
according to the local protocol, which included semi-standardized response assessment 
schedules. Radiological imaging with (PET-)CT and/or MRI was scheduled every two to 
four cycles of treatment, and where possible, the (immune) response evaluation criteria 
in solid tumors (RECIST) were used. Radiology reports from baseline and follow-up 
scans were used to extract the diameter of target lesions for each patient. If RECIST 
criteria were not used, the best overall response reported in the medical notes by the 
thoracic oncologist was used. In cases where the reported response was unclear, an 
independent thoracic oncologist reassessed the radiological images. Additionally, the 
number of chemotherapy cycles administered, the discontinuation of immunotherapy 
(including reasons for discontinuation), and the duration of treatment - defined as the 
time in months from treatment initiation to the last administration of immunotherapy 
- were evaluated. Lastly, PFS was evaluated by calculating the time between the date of 
treatment initiation and the date of disease progression, death, or censoring, whichever 
occurred first. Patients were censored on the last date of clinic visit before the end of 
follow-up (27 June 2024).

Statistical analysis
Statistical analysis was done withR version 4.1.2.. The baseline characteristics and 
treatment outcomes of the real-world NIC and PC cohorts were compared using 
appropriate statistical tests. For each patient, the treatment response was visualized 
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in a vertical bar plot by calculating the change of the sum of the largest diameters of the 
target lesion between the baseline and follow-up scans. Additionally, the median PFS 
(mPFS) was calculated, and Hazard Ratios (HRs) with 95% confidence intervals (CIs) for 
PFS were calculated using both univariable and multivariable Cox regression models. 
The multivariable Cox regression model was constructed with the type of treatment 
regimen, ECOG PS, and all other variables with a p-value of <0.2 from the univariable 
Cox-regression analysis. Lastly, a sensitivity analysis was performed to investigate the 
ORR, DCR and best overall response rate after excluding all patients with an ECOG PS 
≥ 2.

Ethical statement
The study was approved by the medical-ethical review committee (Z23.088 (St. Antonius 
hospital) and 20231110 (Isala hospital)). Because of the retrospective methodology and 
anonymization of the data no informed consent was asked. The study was conducted 
in compliance with the 1964 Helsinki Declaration and its later amendments.

Results
A total of 58 patients were included in the NIC cohort and 60 patients were included in 
the PC cohort. In total, 361 patients were included in the NIC arm of the CM-9LA trial, 
of which 135 patients were PD-L1 negative.

Baseline characteristics
Table 1 presents the patient and disease characteristics of the real-world and trial 
cohorts. The proportion of real-world patients with ECOG PS ≥ 2 was smaller for 
patients treated with NIC than for patients treated with PC (7% vs 35%, p <0.05). Other 
characteristics were not statistically different between both real-world cohorts. The 
median follow-up time was 7.4 months (Interquartile range [IQR]: 4.7-9.6) for patients 
treated with NIC and 6.1 months (IQR: 3.2-11.9) for those treated with PC. NIC patients 
in the real world had more ECOG PS ≥ 2 (7% vs 0%) and bone metastases (46% vs 27%) 
than CM-9LA participants.

Table 1. Patient and disease characteristics of mNSCLC patients with <1% PD-L1 expression 
included in the real-world NIC cohort and real-world PC cohort and the characteristics from 
the total patient population treated with nivolumab and ipilumumab plus chemotherapy in the 
Checkmate 9LA trial cohort.

Real world NIC
(n=58)

Real world PC
(n=60)

p value CM-9LA all PD-L1 cohorts
(n=361)

Age, years

Median (IQR)  67 (60-71) 66 (59-73) 0.87  64 (59-70)

Gender (n(%))

Male  31 (53) 36 (60) 0.57  252 (70)

2
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Table 1. Continued.

Real world NIC
(n=58)

Real world PC
(n=60)

p value CM-9LA all PD-L1 cohorts
(n=361)

ECOG PS (n(%))

0-1 51 (88) 39 (65)

< 0.05

 361 (100)

≥2 4 (7) 21 (35)  0

Unknown 3 (22) 0 -

BMI, kg/m2 (n(%))

Mean (SD) 25.1 (4.5) 25.8 (4.3) 0.35  -

Smoking status (n(%))

Never 1 (2) -

-

46 (13)

Former or current 56 (97) - 315 (87)

Unknown 1 (2) 60 (100) -

Histology (n(%))

Squamous 10 (17) 12 (20)

0.81

113 (31)

Non-squamous 47 (81) 48 (80) 248 (69)

Other 1 (2) 0 0

KRAS (n (%)

Wildtype 37 (64) 28 (47)

0.10

-

Mutation 14 (24) 21 (35) -

Not tested 7 (12) 11 (18) -

Metastases (n(%))

Bone 23 (40) 20 (33) 0.60  97 (27)

Brain 5 (9) 5 (8) 0.94  64 (18)

Liver 5 (9%) 7 (12%) 0.72  68 (19)

Follow-up time, months

Median (IQR) 7.6 (4.7 – 9.6--) 6.1 (3.2-11.9) 0.79 12.2

ECOG PS = Eastern Cooperative Oncology Group Performance Status, BMI = Body Mass Index.

Response
Figure 1 presents the change in sum of the largest diameters of the target lesions per 
patient, and Table 2 presents the overall treatment outcomes. The ORR was numerically, 
but not statistically significant higher in patients treated with NIC than those treated 
with PC (41% vs 27%, p = 0.09). Similarly, the DCR was higher in the real-world NIC cohort 
than in the PC cohort, but also not statistically significant (74% vs 67%, p = 0.49). In the 
NIC cohort, the most common best overall response was partial response (39%). In 
the PC cohort, the most common best overall response was stable disease (40%). The 
treatment outcomes were comparable after excluding patients with an ECOG PS ≥ 2 
(ORR [41% vs 23%, p = 0.16] and DCR [74% vs 72%, p = 0.83] (Table S1). The ORR in the 
real-world NIC cohort was higher than in the 9LA trial cohort (41% vs 31%), whereas 
the DCR was lower (74% vs 82%).
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Figure 1. Change in sum of the largest diameters of target lesions from baseline in real-world 
patients treated withNIC, n=52* (A) and CP, n=52*(B). *Response assessments were limited to 
patients for whom it was possible to calculate response.

Table 2. Objective response rate, disease control rate, best overall response for the real-world 
NIC, real-world PC and Checkmate-9LA PD-L1 <1% cohorts.

Real world NIC
(n=58)

Real world PC
 (n=60)

 p value CM-9LA PD-L1<1% cohort
(n=135)

Objective response rate 24 (41)  16 (27) 0.09  42 (31)

Disease control rate 43 (74)  40 (67) 0.49  110 (82)

Best overall response (n(%))

Complete response 1 (2) 0

-

 2 (2)

Partial response 23 (39) 16 (27)  40 (30)

Stable disease 19 (33)  24 (40)  68 (50)

Progressive disease 10 (17)  13 (22)  11 (8)

Unknown 5 (9)  7 (12)  14 (10)
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Survival outcomes
The mPFS for the real-world NIC cohort was 5.5 months (95% CI 4.0- 8.9) and for the PC 
cohort 4.5 months (95% CI 2.6-6.5) with a non-significant aHR of 0.91 [95% CI 0.59-1.58] 
p=0.89. In the multivariable model for PFS, ECOG PS ≥ 2 (vs ECOG 0-1) and the presence 
of brain, bone or liver metastases (vs none of these metastases), were statistically 
significant associated with worse PFS outcomes, with aHR 2.10 (95%CI 1.21 - 3.64) 
and aHR 2.04 (95%CI 1.29 -3.25), respectively (Table S2). In the CM-9LA a mPFS of 5.8 
months (95%CI 4.4-7.6) was reported in the PD-L1 negative subgroup treated with NIC.

Treatment exposure and discontinuation
Table 3 presents the treatment exposure and discontinuation for the real-world cohorts 
and trial cohort.

The median duration of treatment was comparable between real-world patients 
treated with NIC and treated with PC (3.6 vs 3.5 months, respectively). In both the 
real-world NIC and real-world PC cohort, most patients discontinued treatment (72% 
and 78%, respectively), with disease progression being the most common reason for 
discontinuation (67% and 64%, respectively). The median duration of treatment for 
patients treated in the CM-9LA trial cohort was longer than for patients treated in the 
real-world NIC cohort (6.1 vs 3.6 months). The other treatment characteristics were 
comparable between the trial and the real-world NIC cohort.

Table 3. Treatment exposure and discontinuation for the patients treated in the real-world NIC- 
and PC- cohorts and for all patients treated in CM-9LA trial.

Real world 
NIC

(n=58)

Real world 
PC

(n=60)

 p-value CM-9LA total 
population*

(n = 358)

Duration of treatment, median (IQR) 3.6 [2.1 – 5.6] 3.5 [0.7 – 6.7] 0.30 6.1 [2.7-13.5]

Number of chemotherapy cycles$, n(%) 0 1 (2) 0 (0) 0.12 0 (0)

1 5 (9) 9 (15) 25 (7)

≥2 52 (89) 51 (85) 333 (93)

Discontinuation immunotherapy&, n(%) 42 (72) 47 (78) 0.30 281 (79)

Reason, n/N (%):  Progressive disease 28 (67) 30 (64) 0.70 175 (62)

Toxicity 8 (19) 6 (13) 65 (23)

Death 2 (5) 4 (9) 3 (1)

Other 4 (10) 7 (15) 38 (14)

* The CM-9LA trial did not report these findings separately for patients with PD-L1 <1%.
$ The standard treatment for NIC in real-world and CM-9LA trial settings consists of 2 cycles of chemotherapy, 
and the standard treatment for PC in real-world setting consists of 4 cycles of chemotherapy.
& Patients who discontinued immunotherapy because of treatment completion were not included (n = 0 for 
NIC and n = 4 for PC).
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Discussion
In this cohort study we found that the ORR in PD-L1 negative mNSCLC patients treated 
with NIC was higher than in those treated with PC, although not statistically significant. 
Additionally, the point estimate for PFS was marginally longer for patients treated 
with NIC than for those treated with PC, although also not statistically significant. 
Furthermore, the treatment discontinuation rates were comparable between both 
real-world cohorts. Lastly, the outcomes for real-world patients treated with NIC were 
similar to those reported in the CheckMate-9LA trial [3]. Our early assessment offers 
valuable insights into the initial treatment response to NIC in clinical practice. These 
early effectiveness findings suggest treatment with NIC over PC in patients with <1% 
PD-L1 expression. However, a larger cohort and longer follow-up towards OS are 
needed to confirm this conclusion.

Our findings build upon existing comparative effectiveness studies in this population. 
Matsumoto et al. showed in their matched cohort study a longer median OS (mOS) in 
PD-L1 negative patients treated with NIC than in those treated with PC (26.0 versus 17.0 
months; HR 0.49) [8]. Their mOS observed for NIC exceeds the 17.7 months reported 
in the CM-9LA significantly. This is unexpected, as clinical practice outcomes are 
generally worse than those seen in RCTs. A second observational study also reported 
a favourable mOS for NIC compared to PC (16.0 versus 12.0 months) for the PD-L1 
negative subgroup [9].

We also compared our findings of real-world PD-L1 negative patients treated with NIC 
with the outcomes of those treated with NIC in the CM-9LA. In our study, the observed 
ORR (41%) was numerically higher, and the mPFS (5.5 months) was similar to the findings 
from the CM-9LA trial (31% and 5.8 months, respectively). This suggests that patients 
treated in clinical practice may have at least a similar treatment response to those 
in trial settings despite having worse performance scores. However, comparisons of 
treatment response and PFS outcomes should be interpreted with caution due to 
potential variability in their assessment. In clinical practice, treatment responses are 
measured less frequently, and the (immune) RECIST criteria are often not used, unlike 
the standardized methods in clinical trials. Therefore, although our early effectiveness 
findings are encouraging, further real-world studies with OS endpoints are needed to 
confirm these results.

The main limitations of this study were its small sample size and relatively short follow-
up. As this study should be considered as an initial early assessment, more patients with 
longer follow-up are needed in future research to increase statistical power and enable 
the evaluation of long-term outcomes such as OS. At present, a Dutch nationwide 
cohort study is being conducted that is designed to evaluate the OS of PD-L1 negative 
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patients treated with NIC. Another limitation is that we did not collect information on 
the assessment schedules and criteria used to measure treatment response, which 
hindered us from assessing the impact of any discrepancies in these measurements on 
our findings. However, since overall duration of this cohort study was only two years, 
we do not expect significant differences in the way treatment response was measured 
between patients treated with NIC and PC.

In conclusion, a non-significant better treatment response was observed for mNSCLC 
patients with <1% PD-L1 expression treated with NIC than those treated with PC, 
suggesting a potential benefit of NIC in this population. The treatment discontinuation 
rates between both real-world cohorts were comparable. Additionally, our findings of 
patients treated with NIC were comparable to the CM-9LA. Observational studies with 
more patients, longer follow-up and OS outcomes are needed to determine the optimal 
therapeutic approach for patients with mNSCLC and low PD-L1 expression
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Supplementary

Table S1. Objective response rate, disease control rate and best overall response for the real-
world NIC and real-world PC after excluding all patients with ECOG PS ≥ 2.

Real-world NIC 
(n = 54)

Real-world PC
(n = 39)

p value

Objective response rate 22 (41) 9 (23) 0.16

Disease control rate 40 (74) 28 (72) 0.83

Best overall response (n(%))

Complete response 1 (2) 0 (0)

-

Partial response 21 (4) 9 (23)

Stable disease 18 (33) 19 (49)

Progressive disease 10 (19) 9 (23)

Unknown 4 (7) 2 (5)

Abbreviations; ECOG PS, Eastern Cooperative Oncology Group Performance Score; NIC, nivolumab and 
ipilimumab plus chemotherapy; PC, pembrolizumab plus chemotherapy

Table S2. Uni and multivariable cox regression models for progression-free survival

Variable HR for PFS 95% CI pvalue aHR for PFS 95%CI p value

Univariable analysis Multivariable analysis

Type of treatment
PC

NIC
ref.
0.81

0.58- 1.42 0.68 0.91 0.59 – 1.58 0.89

Age
<65
≥65

ref.
1.18

0.55 – 1.32 0.47 0.71 0.44 – 1.13 0.15

Gender
male

female
ref.
0.92

0.59- 1.44 0.73

ECOG
PS 0 or 1

PS ≥2
ref.
1.73

1.05 – 2.85 0.03 2.10 1.21 – 3.64 <0.01

BMI
<25
≥25

ref.
0.69

0.44-1.08 0.11 0.73 0.46 – 1.15 0.18

Histology
non-squamous

squamous
ref.

0.80
0.45-1.43 0.45

Brain, bone or  
liver metastasis

no
yes

ref.
1.80

1.16- 2.78 <0.01 2.04 1.29 – 3.25 <0.01

Abbreviations: aHR, adjusted Hazard Ratio; BMI, body mass index; ECOG PS, Eastern Cooperative Oncology 
Group Performance Status; NIC, nivolumab and ipilimumab plus chemotherapy; PC, pembrolizumab plus 
chemotherapy.
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Abstract

Objectives
Several observational studies suggested that gut microbiome-affecting-medication 
impairs the effectiveness of immunotherapy in patients with metastatic non-small-
cell lung cancer (NSCLC). We postulated that if the effectiveness of immunotherapy is 
affected by drug-related changes of the microbiome, a stronger association between 
the use of co-medication and overall survival (OS) will be observed in patients treated 
with immunotherapy as compared to patients treated with chemotherapy.

Methods
In a retrospective matched cohort study, immunotherapy patients were matched (1:1) 
to patients treated with chemotherapy in the pre immunotherapy era. The association 
between the use of antibiotics, opioids, proton pump inhibitors, metformin and 
other antidiabetics on OS was assessed with multivariable cox-regression analyses. 
Interaction tests were applied to investigate whether the association differs between 
patients treated with immuno- or chemotherapy.

Results
A total of 442 patients were studied. The use of antibiotics was associated with worse 
OS (adjusted Hazard Ratio (aHR) 1.39, p=0.02) independent of the type of therapy 
(chemotherapy or immunotherapy). The use of opioids was also associated with 
worse OS (aHR 1.33, p=0.01). The other drugs studied showed no association with OS. 
Interaction term testing showed no effect modification by immuno- or chemotherapy 
for the association of antibiotics and opioids with OS.

Conclusion
The use of antibiotics and opioids is similarly associated with worse outcomes in both 
chemotherapy and immunotherapy treated NSCLC patients. This suggests that the 
association is likely to be a consequence of confounding rather than disturbing the 
composition of the microbiome.
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Introduction
Lung cancer is the leading cause of cancer-related deaths worldwide. In 2012, the World 
Health Organisation (WHO) estimated that of the 1.6 million lung cancer related deaths, 
non-small-cell lung cancer (NSCLC) is the most frequent histological type, representing 
85% of cases [1].

Since the beginning of systemic treatment of stage III and IV NSCLC patients, platinum-
doublet chemotherapy has been the first-choice treatment. With the development of 
new therapies, more effective treatment options have become available in addition 
to the platinum-doublet therapy [2] [3]. For patients without driver mutations, 
immunotherapies targeting immune checkpoints, such as the PD-1/PD-L1 pathway, 
have become an important new treatment option. Currently, four PD-1/PD-L1 inhibitors 
(pembrolizumab, nivolumab, durvalumab and atezolizumab) have been approved for 
treatment of patients with advanced NSCLC.

The approval of immunotherapy, with or without chemotherapy, is based on several 
phase III studies demonstrating superior efficacy in a population meeting the strict in- 
and exclusion criteria [4] [5] [6]. For example, patients with present active infections, 
autoimmune conditions, and other comorbidities often requiring concomitant 
medication are not included in these trials. Therefore, the impact of these factors, 
including the use of concomitant medication on the efficacy of immunotherapy, cannot 
be studied from clinical trial data.

Recent studies demonstrate that the microbial flora plays an important role in 
modulation of immunotherapy effectiveness by affecting the tumor immuno-
microenvironment [7]. It is well known that the microbiome can vary significantly 
from one individual to another, which has been proposed as an explanation of the 
variability of response to immunotherapy [8]. Routy et al. showed that changes in 
composition of the gut microbiome negatively influence the outcome of PD-1 inhibition 
by immunotherapy in mice and patients. Additionally, the study found that the 
replacement of deleterious microbial flora by a favorable one, can restore the efficacy 
of the immunotherapy response in mice [9]. The composition of the human microbiome 
is influenced by several factors such as host genetics, lifestyle factors and the use of 
antibiotics. Besides antibiotics, recent microbiome studies showed that many other 
drugs can also alter the composition of the microbiome, as investigated with high-
throughput drug screens and metagenomics analyses [10] [11].

Accumulating observational studies show that antibiotic treatment associates 
significantly with attenuated clinical outcomes in NSCLC patients treated with 
immunotherapy [9] [12] [13]. However, the majority of these studies analyzed the effects 
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of antibiotics on survival outcomes in cohort studies including only immunotherapy 
patients. This makes the results susceptible for bias due to confounding by indication, 
a situation in which patient characteristics - rather than the presence of concomitant 
medication- are independent predictors of clinical outcomes. Therefore, it is still an 
active area of debate whether or not there is a causal link between antibiotic related 
changes of the microbiome and the decreased effectiveness of immunotherapy. 
Assuming that a prospective clinical trial randomizing based on concomitant medication 
will not conducted, additional observational studies with alternative designs are needed 
to resolving this matter, for example a study design including a control group not treated 
with immunotherapy. If the association is causal one would expect the association to 
be more pronounced with immunotherapy compared to chemotherapy. The aim of the 
present study is to test this hypothesis.

Patients and methods

Study design
This is a retrospective matched cohort study using clinical data from six hospitals of 
the Santeon hospital network.

Data sources
The Santeon hospital network consists of seven large teaching hospitals geographically 
spread across the Netherlands. The Netherlands Cancer Registry (NCR) was used for 
identifying all patients diagnosed with NSCLC in a Santeon hospital, and for obtaining 
information on the date of diagnosis and the vital status. Individual patients are 
assigned a unique anonymous identifier, which enables them to be tracked in the 
Santeon Farmadatabase (SFD). The information of the SFD was used for collection of 
detailed information about the systemic treatments [14]. Finally, the patients’ medical 
records were used to complement the database with detailed information about the 
clinical and demographic characteristics, the use of concomitant medication and the 
treatment response. All data were gathered and stored at a Research Electronic Data 
Capture database (REDcap) [15].

Study population
Patients diagnosed with stage IV NSCLC between 1st January 2015 to 1st January 2019 
and who started first-, second- or third-line immunotherapy before the 1st of January 
2020 were assigned to the immunotherapy group. We matched every patient in the 
immunotherapy group to a patient with stage IV NSCLC who received conventional 
chemotherapy in the pre-immunotherapy era, and has been diagnosed before 1st 
January 2015 (see publication of Cramer et al for more details about this cohort) [16]. 
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Patients were (1:1) matched on gender, age groups (<50 year, 50-60 year, 61-70 year, 
71-80 year, >80 year) and line of treatment (first, second or third).

Clinical characteristics
The patient characteristics and demographics were collected manually from the 
patients’ medical records, including age, gender, body mass index (BMI), Eastern 
Cooperative Oncology Group-Performance status (ECOG-PS), the histology subtype, 
brain metastases and lines of systemic treatments. First-line treatment (1L) was defined 
as the initial systemic therapy used in the treatment of NSCLC. Second-line and third-
line treatment (2L and 3L) were defined as the therapy given after discontinuation due 
to disease progression or completion of first or second-line treatment, respectively. 
Additionally, oncogenic driver mutation status (e.g. EGFR, ALK, ROS-1) and PD-L1 
expression were collected if available.

Concomitant medication
Patient records were reviewed to collect information on the use of concomitant 
medication potentially affecting the microbiome [10] [11]. Out of the drugs classes 
known to alter the composition of the microbiome, most commonly used classes in 
NSCLC patients were selected. The drug classes selected were antibiotics, proton-pump 
inhibitors, metformin, antidiabetics and opioids. Medication reconciliation for NSCLC 
patients was performed by the treating oncologist of assisting nurse prior to the start 
of the systemic treatment and was reported in the medical health record. Exposure was 
defined if any information on the use of these drugs was reported within a timeframe of 
30 days before and 30 days after the start of either immunotherapy or chemotherapy. 
This timing was chosen because there is evidence that the effects are the strongest when 
used shortly before and after the start of immunotherapy and consequently, we would 
expect the largest effect modification by chemotherapy vs immunotherapy (if any) [17]. 
The 30 day timeframe is also in line with many previous reports on the topic [9] [13] [18].

Clinical outcomes
OS was defined as the time from the start of systemic therapy to death. Patients still 
alive at the end of follow-up on 1 January 2020 were censored at this date.

Statistical analysis
Statistical Software (SPSS version 26 for Windows: IBM) was used for statistical analysis. 
Categorical and continuous variables were summarized using descriptive statistics. To 
compare the immunotherapy and chemotherapy group, we used chi-squared tests 
(categorical variables) and independent t- test (continuous variables). The potential 
impact of concomitant medication on OS was analyzed through multivariable cox 
regression analyses. Possible factors associated with OS were first identified using a 
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univariable analysis. All univariate predictors with a p-value ≤ 0.15 and three other 
relevant variables - type of treatment, the ECOG-PS and the use of antibiotics - were 
used to construct the multivariable model. In the final models, backward selection 
was applied to eliminate non-significant variables (p-value ≤ 0.10). Finally, the models 
were examined for the existence of effect modification by statistical testing of an 
interaction term between concomitant drugs of interest and the type of treatment 
(chemotherapy or immunotherapy). In order to investigate the difference between the 
lines of treatment, an exploratory analysis was performed for 1L patients and for 2L + 3L 
patients using the same approach described above. Survival curves using the Kaplan-
Meier method were constructed to visualize - where considered of relevance- contrast 
between the use of concomitant medication and the type of treatment (chemotherapy 
or immunotherapy).

Ethical statement
All methods were carried out in accordance with relevant guidelines and regulations. 
Our ethics committee - the Santeon Institutional Review Board - approved the study 
(SDB 2019-013) and waived the need for informed consent because of anonymous 
data handling and the retrospective nature of the study. The study was performed 
in accordance with the ethical standards of the institutional and national research 
committee and with the 1964 Helsinki declaration and its later amendments or 
comparable ethical standards.

Results

Baseline characteristics
A total of 221 immunotherapy patients could be matched to patients treated with 
chemotherapy in the pre-immunotherapy era resulting in a total of 442 patients 
available for our primary analysis. The baseline characteristics of the immunotherapy 
and chemotherapy group are summarized in Table 1. Both immuno- and chemotherapy 
groups had an average age of 64 years. The majority of patients was male (59.2%) and 
received immunotherapy as second or higher line of treatment (62%). The demographic 
and baseline characteristics of the patients were well balanced between the two 
treatment groups, with the exception of the ECOG-PS. In the immunotherapy group, 
there was a significantly higher proportion of patients with an ECOG -PS1 (62.5% versus 
39.8%) as compared to the chemotherapy group. In both groups, the most common 
histology subtype was adenocarcinoma, although there were fewer patients in the 
immunotherapy group with squamous tumor histology than in the chemotherapy group 
(10.9% versus 18.9% respectively). Table 2 provides a list of concomitant medication in 
use at the time of start systemic treatment. The most commonly used drugs in both 
groups were PPIs (43.4% vs 45.7% for the immuno- and chemotherapy group). Patients 
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who received immunotherapy used significantly less opioids (26.7% vs 37.6% p = 0.02) 
and used more antibiotics as compared to the patients who received chemotherapy 
(15.8% vs 19.5%, p = 0.32). Only a small percentage of patients in the immunotherapy 
and chemotherapy group used metformin (3.6% and 9.5% respectively) or other 
antidiabetics (2.3% and 3.2% respectively).

Table 1. Patient characteristics of stage IV NSCLC patients treated with immunotherapy and 
chemotherapy.

Characteristics Immunotherapy 
(n=221)

Chemotherapy 
(n=221)

p- value

Age (median +/- SD) 64.0 +/- 9.0 64.1 +/- 8.9 0.83

Gender 131 (59.2%) 131 (59.2%) 1.0

BMI (median +/- SD) 25.0 +/- 6.3 25.0 +/- 4.1 0.82

Line of treatment 1.0

1 84 (38.0%) 84 (38.0%)

2 120 (54.3%) 120 (54.3%)

3 17 (7.7%) 17 (7.7%)

ECOG PS <0.001

0 70 (31.7%) 104 (47.1%)

1 138 (62.4%) 88 (39.8%)

2 10 (4.5%) 19 (8.6%)

≤3 2 (0.9%) 4 (1.8%)

unknown 1 (0.5%) 6 (2.7%)

Immunotherapy

Nivolumab 121 (54.8%)

Pembrolizumab 93 (42.1%)

Atezolizumab 7 (3.0%)

Chemotherapy

Cisplatin/pemetrexed 14 (6.3%)

Cisplatin/gemcitabine 5 (2.3%)

Carboplatin/pemetrexed 57 (31.3%)

Carboplatin/gemcitabine 17 (7.7%)

Carboplatin/paclitaxel/bevacizumab 21 (9.5%)

Pemetrexed monotherapy 46 (20.8%)

Docetaxel monotherapy 58 (26.2%)

Other 3 (1.4%)

Histology <0.001

Adenocarcinoma 176 (79.6%) 132 (59.7%)

Squamous 24 (10.9%) 40 (18.1%)

Large cell carcinoma 10 (4.5%) 17 (7.7%)

Other 11 (4.9%) 32 (14.5%)

2
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Table 1. Continued.

Characteristics Immunotherapy 
(n=221)

Chemotherapy 
(n=221)

p- value

PD-L1 expression

<1% 34 (15.4%)

1-50% 28 (12.7%)

>50% 100 (45.2%)

Unknown 60 (27.1%)

Targetable mutations 0.58

EGFR 5 (2.3%) 6 (2.7%)

ALK 0 1 (0.5%)

Other 5 (2.3%) 0

Brain metastasis (yes) 49 (22.2%) 43 (19.5%) 0.48

Abbreviations: ECOG PS, Eastern Cooperative Group performance status; BMI, Body mass index; PD-L1, 
programmed death ligand-1.

Table 2. Concomitant medication exposure according to immunotherapy of chemotherapy 
treatment

Immunotherapy 
(n=221)

Chemotherapy 
(n=221)

p-value

Antibiotics 35 (15.8%) 43 (19.5%) 0.32

Antidiabetics 5 (2.3%) 7 (3.2%) 0.56

Metformin 8 (3.6%) 21 (9.5%) 0.12

PPI 96 (43.4%) 101 (45.7%) 0.63

Opioids 61 (27.6%) 83 (37.6%) 0.02

Abbreviations: PPI, proton pump inhibitor

Overall survival outcomes in the total population
The results of the univariable and multivariable analysis for OS are summarized in 
Table 3. The multivariable model showed that the use of antibiotics and opioids was 
significantly associated with shorter OS, with a corresponding HR of 1.39 (95%CI 
1.06 – 1.81) and a HR 1.33 (95%CI 1.07 – 1.66) respectively. Proton pump inhibitors, 
metformin and other antidiabetics were not associated with OS. Overall, the strongest 
factor associated with OS was the type of systemic treatment (immunotherapy vs 
chemotherapy). Other factors identified as independently associated with OS in the 
multivariable model were type of histology (squamous vs. non-squamous) and line of 
treatment (≥2L vs. 1L).

For both antibiotics and opioids, the tests for interaction with treatment type were 
insignificant, both with a p value of 0.50. The distinctive effects of antibiotics and opioids 
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on OS for the immuno- and chemotherapy cohort were summarized in table 4a. The 
calculated point estimates for the hazard ratio for use of antibiotics towards OS were 
similar with immunotherapy (HR 1.20 95% CI 0.79 – 1.85) and chemotherapy (HR 1.46 
95%CI 1.04 – 2.05). The same was observed for the use of opioids (HR 1.44 (95%CI 1.01 
– 2.06) in immunotherapy group and a HR of 1.24 (95%CI 0.94 – 1.63) in chemotherapy 
group).

Table 3. Univariable and multivariable model for overall survival in the total population

Overall survival for the total population (n =442)

Univariable model Multivariable model

HR 95% CI p-value HR 95% CI p-value

Treatment immunotherapy (vs chemotherapy) 0.45 0.36 - 0.56 <0.01 0.46 0.37 - 0.58 <0.01

Histology squamous (vs non-squamous) 1.38 1.04 - 1.84 0.03 1.33 0.10 - 1.79 0.05

ECOG PS

1 (vs 0) 1.00 0.80 – 1.25 0.99 1.08 0.86 – 1.35 0.52

≥ 2 (vs 0) 1.40 0.95 – 2.06 0.09 1.24 0.84 – 1.83 0.28

Gender female (vs. male) 0.97 0.78 - 1.19 0.75

Age ≥75 year ( vs. <75 year) 0.80 0.55 - 1.16 0.24

BMI ≥ 25 (vs. <25) 0.99 0.76 - 1.28 0.92

Brain metastases yes (vs. no) 1.08 0.84 - 1.39 0.53

Line of treatment ≥2 (vs. 1) 1.45 1.17 - 1.80 <0.01 1.44 1.16 - 1.78 <0.01

Antibiotics use (vs. no use) 1.32 1.01 - 1.71 0.04 1.39 1.06 - 1.81 0.02

Antidiabetics use (vs. no use) 1.57 0.86 - 2.87 0.14 1.37 0.74 - 2.52 0.32

Metformin use (vs. no use) 1.33 0.89 - 1.98 0.17

PPI use (vs. no use) 1.16 0.94 - 1.42 0.17

Opioid use (vs. no use) 1.48 1.19 - 1.84 <0.01 1.33 1.07 - 1.66 0.01

Abbreviations: ECOG PS, Eastern Cooperative Group performance status; BMI, body mass index PPI, proton 
pump inhibitor; HR, Hazard ratio; CI, confidence interval

Overall survival outcomes per treatment line
Restriction of the cohort to patients with 1L treatment yielded similar HRs in that setting. 
The HRs were 1.49 (95% CI 0.97 – 2.29) for antibiotic use and 1.58 (95% CI 1.08 – 2.32) 
for opioid use (Supplementary table S1). Also in this setting there was no association 
between OS and proton pump inhibitors, metformin and other antidiabetics. Factors 
significantly associated with OS in the multivariable model were the type of treatment 
(immunotherapy vs chemotherapy) and the presence of brain metastases. The 
tests for interaction between treatment type and the use of antibiotics and opioids 
were both not statistically significant, with corresponding p values of 0.89 and 0.15 
respectively. The negative effects of antibiotics and opioids on OS were observed in 
patients treated with chemotherapy as well as in patients treated with immunotherapy 
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(table 4b), with HRs of similar magnitude between the immuno- and chemotherapy 
group, although not all were statistically significant. In a second line setting, the use of 
antibiotics and the use opioids were not statistically significantly associated with OS. 
The multivariable model for OS showed that only the type of treatment (immunotherapy 
vs chemotherapy) was associated with a lower risk of death (Supplementary table S2). 
Figures 1a and 1b demonstrate the Kaplan-Meier survival curves for patients treated 
with immuno- versus chemotherapy, and using/not using antibiotics (1a) or using/not 
using opioids (1b) in the 1L.

Table 4. Multivariable model for OS within the total population (a) and the 1L (b) for both antibiotic 
and opioid exposure according to type of treatment (chemotherapy or immunotherapy)

a. OS total population

Antibiotic usea,1

HR (95% CI) for antibiotic use (vs no use) 
according to the type of treatment

p- value

Chemotherapy cohort 1.46 (1.04 – 2.05) 0.03

Immunotherapy cohort 1.20 (0.79 – 1.85) 0.39

Opioid usea,2

HR (95% CI) for opioid use (vs no use) 
according to the type of treatment

p- value

Chemotherapy cohort 1.24 (0.94 – 1.63) 0.13

Immunotherapy cohort 1.44 (1.01 – 2.06) 0.04

b. OS first line

Antibiotic useb.3.

HR (95% CI) for antibiotic use (vs no use) 
according to the type of treatment

p- value

Chemotherapy cohort 1.54 (0.86 – 2.76) 0.15

Immunotherapy cohort 1.45 (0.75 – 2.77) 0.27

Opioid useb.4.

HR (95% CI) for opioid use (vs no use) 
according to the type of treatment

p- value

Chemotherapy cohort 1.30 (0.80 – 2.09) 0.29

Immunotherapy cohort 2.27 (1.24 – 4.16) < 0.01

The multivariable model includes the variables:
a	� Treatment (immunotherapy vs chemotherapy), histology (squamous vs non-squamous), line of treatment (≥2 vs. 

1), antibiotic (use vs no use), opioids (use vs no use).
1.	 Interaction between antibiotic use and type of treatment
2.	 Interaction between opioid use and type of treatment
b.	� Treatment (immunotherapy vs chemotherapy), brain metastases (yes vs no), antibiotic (use vs no use), opioids (use 

vs no use).
3	 Interaction between antibiotic use and type of treatment
4	 Interaction between opioid use and type of treatment
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Figure 1. Kaplan-Meier curves showing overall survival for first-line chemo- and immunotherapy 
with and without the use of antibiotics (a) and with and without the use of opioids (b).

Discussion
In this historically matched cohort study of 442 stage IV NSCLC patients, the use 
of antibiotics and opioids were shown to be independently associated with worse 
survival outcomes after adjusting for other prognostic factors associated with a poorer 
prognosis. Moreover, the negative influence of antibiotics and opioids on OS was 
observed both for treatment with chemotherapy as well as with immunotherapy. This 
finding suggests that the association between worse survival outcomes and the use of 
antibiotics and opioids more likely originates from its use being linked with confounding 
factors rather than the disturbing effect these drugs have on the gut microbiome.

We believe that our historically matched cohort study design adds to what has been 
published about the topic so far because all previously published reports on the 
association of antibiotics with immunotherapy effectiveness are retrospective single 
arm cohort studies. Lurienne et al (2020) summarized these cohort studies (n=21) in a 
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meta-analysis and reported a pooled HR for OS of 1.69 (95% CI 1.25- 2.29) for NSCLC 
patients exposed to antibiotics when starting immunotherapy [17]. Our observed HR 
of 1.39 is in line with this pooled number but appears of similar magnitude in patients 
treated with chemotherapy in the years that immunotherapy was not yet available. 
This finding argues against causality because an effect of antibiotics on chemotherapy 
effectiveness as a result of microbiome disturbance is unlikely. Thus, we consider that 
residual confounding by indication bias plays a role in previous reports. An exception 
is the recent study of Chalabi et al. In a post hoc analysis of a randomized clinical 
trial of atezolizumab versus docetaxel in a second line setting, a larger association 
between antibiotics and worse OS was observed in the atezolizumab study arm 
compared to chemotherapy [18]. However, also in that study residual confounding 
cannot be excluded. It is also conceivable that symptomatic rapid progressive disease 
represented by antibiotic use, prevented patients randomized to immunotherapy from 
early disease control resulting in earlier death eventually [19]. Finally, Cortellini et al 
recently reported a non-significant HR of 1.42 for antibiotics in patients treated with the 
combination of immunotherapy and chemotherapy in first line. This HR aligns very much 
with our observed HR in patients receiving chemotherapy (1.54), further supporting 
the hypothesis that recent antibiotic use is primarily a prognostic factor instead of an 
etiological factor [20].

For opioid use our findings align with what has been studied by Zheng et al 2020 [21]. 
The authors conducted a cohort analysis (n =203 patients) and a meta-analysis (n = 26 
articles) to investigate the impact of opioids use on survival of cancer patients. The 
results of their analyses showed a negative association between cancer-specific survival 
and the use of opioids explained cancer-related pain treated with opoids. Furthermore, 
other studies have reported that opioids may negatively affect cancer patients’ survival 
through respiratory depression, delirium, addiction or directly by acting on tumor cells 
[22] [23]. Even though these authors did not investigate whether the negative effects 
of opioids on survival outcomes differ between patients treated with immunotherapy 
or chemotherapy, it supports our observed association between opioids and survival 
irrespective of the systemic treatment applied.

Noteworthy is that the use of PPIs, metformin and other antidiabetics were not 
associated with poor survival outcomes in our cohort. This might indicate that both 
the microbiome-hypothesis and the hypothesis of confounding by indication should 
be rejected for these drugs. Interesting, however, is that some other studies observed 
associations between PPI use and worse outcomes [16]. That we were unable to 
replicate this might be explained by the very high prevalence of PPI use in our cohort 
that could have resulted in overshadowing an assumed proxy of PPI use for worse 
clinical condition. In the Netherlands, PPIs are recommended for every adult >65 years 
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and using anti-platelet drugs, NSAIDS or corticosteroids. Nevertheless, our data suggest 
no effect of PPIs on effectiveness of immunotherapy in NSCLC patients. The frequency 
of patients using metformin (6.5%) and antidiabetics (2.7%) in our cohort we consider 
too small to conclude on any association between these drugs and survival outcomes.

Strengths and weaknesses
Our study has a number of notable strengths. The main strength is its matched cohort 
study design. This design enabled us to investigate the possibility of concomitant 
medication-use having a prognostic impact on patients’ clinical survival, regardless 
of the treatment given, under the assumption that unmeasured confounding factors 
will be balanced between the two groups. That we captured chemotherapy patients 
from a period that immunotherapy was not yet available maximized the potential for 
balance because after market access of immunotherapy patient characteristics are 
more likely to guide the decision for either treatment. Nevertheless, the distribution 
of the ECOG status appeared imbalanced in our study. The most likely explanation for 
this is that the milder toxicology from immunotherapy has led to patients who would 
not qualify for toxic chemotherapy starting with immunotherapy anyway. By fixing 
the ECOG status in all our multivariable regression models we think that adjustment 
for this imbalance has been maximized. Another positive aspect is that we were able 
to evaluate not only the effects of antibiotics on the therapeutic outcomes of NSCLC 
patients but also the effects of other drugs, known to be associated with changes of the 
microbiome composition. There are numerous observational studies investigating the 
impact of antibiotics, however, studies regarding the effects of other drugs are scarce. 
Lastly, compared to previous reports, we used a relatively large cohort with advanced 
NSCLC patients treated in six different hospitals across the Netherlands.

Limitation of our study is the small number of patients using some of the drugs under 
study. This might explain some null findings due to limited statistical power. Another 
limitation, in hindsight, is that we did not collect data about the use of corticosteroids in 
our patients. Corticosteroids have been linked to altered immunotherapy effectiveness 
as well and inclusion of this variable might have resulted in other HRs with our variables 
of interest [24] [25]. Some co-linearity of corticosteroids and antibiotics or PPIs cannot 
be ruled out. Another potential drawback is that we examined concomitant medication 
when used within a relative short time frame of 30 days before up to 30 days after 
the start of the systemic therapy. Although the decision for this time frame was well-
thought-out (see Methods), we acknowledge that this focus prevented us from studying 
time varying associations. Finally, our study shares all limitations linked to retrospective 
studies, at least information bias. For example, the use of concomitant medication was 
fully based on the information recorded in the patients’ health records and may not 
be completely comprehensive. On the other hand, both patients with chemotherapy 
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and with immunotherapy were captured from the same hospitals, making the risk of 
misclassification bias, if any, being non-differential.

Conclusion
In conclusion, we observed that the use of antibiotics and opioids is associated with 
shorter survival, similarly in chemotherapy and immunotherapy-treated NSCLC patients. 
This suggests that the association is likely to be a consequence of confounding rather 
than disturbing the composition of the microbiome.
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Supplementary

Table S1. Univariable and multivariable model for overall survival in first-line treatment

 Overall survival for first-line treatment (n = 168)

Univariable model Multivariable model

HR 95% CI p-value HR 95% CI p-value

Treatment immunotherapy (vs chemotherapy) 0.37 0.26 - 0.54 <0.01 0.37 0.26 - 0.54 <0.001

Histology squamous (vs non-squamous) 1.29 0.80 - 2.08 0.30

ECOG PS

1 (vs 0) 1.06 0.73 – 1.53 0.76 1.02 0.70 – 1.48 0.92

≥ 2 (vs 0) 1.59 0.86 – 2.93 0.17 1.55 0.83 – 2.90 0.17

Gender female (vs. male) 1.10 0.78 - 1.56 0.60

Age ≥75 year ( vs. <75 year) 0.85 0.51 - 1.41 0.85

BMI ≥ 25 (vs. <25) 1.09 0.72 - 1.65 0.68

Brain metastases yes (vs. no) 1.46 0.99 - 2.14 0.06 1.54 1.04 - 2.28 0.03

Antibiotics use (vs. no use) 1.46 0.96 - 2.21 0.08 1.49 0.97 - 2.29 0.07

Antidiabetics use (vs. no use) 2.14 0.53 - 8.70 0.29

Metformin use (vs. no use) 1.77 0.10 - 3.15 0.05 1.07 0.58 - 1.97 0.83

PPI use (vs. no use) 1.24 0.87 - 1.75 0.24

Opioids use (vs. no use) 1.75 1.20 - 2.54 <0.01 1.58 1.08 - 2.32 0.02

Abbreviations: ECOG PS, Eastern Cooperative Group performance status; BMI, body mass index PPI, proton 
pump inhibitor; pump inhibitor; HR, Hazard ratio; CI, confidence interval.
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Table S2. Univariable and multivariable model for overall survival in second- and third-line 
treatment

Overall survival for second- and third line treatment (n = 274)

Univariable model Multivariable model

HR 95% CI p-value HR 95% CI p-value

Treatment immunotherapy (vs chemotherapy) 0.51 0.39 - 0.66 <0.01 0.52 0.40 - 0.68 <0.01

Histology squamous (vs non-squamous) 1.47 1.03 - 2.10 0.03 1.34 0.93 - 1.94 0.12

ECOG PS

1 (vs 0) 0.98 0.74 – 1.29 0.87 1.10 0.82 – 1.48 0.51

≥2 (vs 0) 1.31 0.80 – 2.15 0.29 1.11 0.66 – 1.86 0.69

Gender female (vs. male) 0.91 0.70 - 1.18 0.47

Age ≥75 year ( vs. <75 year) 0.89 0.51 - 1.56 0.68

BMI ≥ 25 (vs. <25) 0.85 0.60 - 1.19 0.34

Brain metastases yes (vs. no) 0.89 0.64 - 1.25 0.52

Antibiotics use (vs. no use) 1.28 0.91 - 1.80 0.16 1.30 0.92 - 1.84 0.14

Antidiabetics use (vs. no use) 1.29 0.66 - 2.52 0.46

Metformin use (vs. no use) 1.11 0.63 - 1.94 0.73

PPI use (vs. no use) 1.04 0.81 - 1.35 0.75

Opioids use (vs. no use) 1.31 1.00 - 1.71 0.05 1.23 0.94 - 1.61 0.14

Abbreviations: ECOG PS, Eastern Cooperative Group performance status; BMI, body mass index PPI, proton 
pump inhibitor; pump inhibitor; HR, Hazard ratio; CI, confidence interval
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Abstract

Background
Evidence from observational studies is increasingly used in oncology to complement 
evidence from clinical trials. Commonly used endpoints to evaluate oncology medicines 
are overall survival (OS) and progression-free survival (PFS). However, comparing PFS 
across observational studies and with clinical trials can be challenging due to differences 
in its definition and measurement. This scoping review investigated how PFS was 
defined, measured and reported in randomized clinical trials (RCTs) and observational 
studies of patients with advanced non-small cell lung cancer (NSCLC) treated with 
immunotherapy.

Methods
This scoping review included RCTs and observational studies that measured PFS in 
advanced NSCLC patients treated with immunotherapy. ASReview, an open-source 
artificial intelligence-assisted tool, was used to screen and prioritize relevant studies 
from records identified from PubMed and Embase between 2012-2023. Information on 
study characteristics, PFS definitions and measurements were extracted.

Results
40 RCTs and 144 observational studies were included. Most RCTs were conducted 
across multiple continents (70%), while most observational studies were conducted 
in Asia (62%). In contrast to RCTs, many observational studies lacked reporting on the 
end date of PFS measurement (69%), the type of radiological imaging (59%), and the 
imaging reviewer (78%). For observational studies that did report on PFS definitions and 
measurements, these often differed from those in RCTs, particularly regarding event 
definitions, the start- and stop dates for PFS measurement, and tumor assessment 
schedules.

Conclusions
In contrast to RCTs, observational studies often lack reporting on PFS definitions and 
measurements, and if reported, they differ across observational studies and between 
them and RCTs. Since observational studies are important for complementing evidence, 
aligning PFS definition and measurement criteria with those used in RCTs, along 
with detailed reporting, is needed. However, some variability in PFS measurement 
characteristics is unavoidable, and therefore, PFS estimates from observational studies 
should be interpreted critically and carefully.
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Introduction
Evidence from observational studies is increasingly used to complement evidence from 
clinical trials to understand the benefits and risks of new oncology medicines because 
the generalizability of these trials to daily clinical practice is often limited [1]. Patients 
in randomized clinical trials (RCTs) typically constitute a highly selective sample, are 
often younger, fitter and with fewer comorbidities than the broader patient population 
treated in daily clinical practice. In addition, the variability in treatment adherence and 
outcome assessments is much greater in clinical practice compared to the strictly 
defined and controlled conditions of RCTs [2,3].

An important aspect when using evidence from observational studies to complement 
that from RCTs, is the definition, measurement, and reporting of endpoints. Over the 
past decade, the primary outcome in evaluating oncology medicines has shifted from 
overall survival (OS) to progression-free survival (PFS), since PFS is not influenced by 
subsequent treatment and requires shorter follow-up periods than OS [4]. However, 
PFS is subject to inconsistencies in its definition and measurement, among others, 
due to the use of varying criteria (e.g., Response Evaluation Criteria in Solid Tumors, 
RECIST, immunotherapy-specific iRECIST or clinical criteria) and varying response 
assessment intervals [5-8]. These inconsistencies may lead to estimates of PFS that are 
not comparable, either within or between studies. For example, if one treatment arm 
is assessed more frequently than another within the same study, disease progression 
might be detected earlier, leading to biased absolute and relative PFS estimates.This 
issue extends to comparisons between studies, especially between observational 
studies and RCTs, with their often inherent differences in data collection.

These issues underscore the need for standardized reporting for observational studies 
to enhance the interpretability and reliability of PFS outcomes. In addition to existing 
general guidelines on reporting standards for observational studies [9,10], the European 
Society for Medical Oncology (ESMO) and the American Society of Clinical Oncology 
(ASCO) have recently introduced specific guidance to oncology research [11,13]. 
Despite these developments, the degree of variation in how PFS is defined, measured, 
and reported across different study types remains unclear. Therefore, this scoping 
review aimed to evaluate how PFS was defined, measured, and reported for RCTs and 
observational studies of patients with unresectable advanced non-small cell lung cancer 
(NSCLC) treated with immunotherapy. The population of unresectable advanced NSCLC 
was chosen due to its relatively short PFS and the use of immunotherapy as a standard 
treatment option.

3
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Methods
This scoping review was conducted in accordance with the Joanna Briggs Institute 
manual for scoping reviews [13] and the checklist of Preferred Reporting Items for 
Systematic Reviews and Meta-analyses – Extension for Scoping Review’ (PRISMA-ScR) 
[14].

Eligibility criteria
This scoping review aimed to include all scientific publications of phase III RCTs and 
observational studies of patients with advanced unresectable NSCLC that compared the 
PFS of at least one PD-1/PD-L1 or CTLA-4 inhibiting immunotherapy treatment with one 
or more other treatments. For observational studies, this also included comparisons 
with data from clinical trials, either with trial estimates or with individual patient data.
Phase I or II trials, interim analyses, updates, subgroup analyses, or publications not 
written in English were excluded. .

Information sources, search strategy and study selection
A systematic search for available literature was carried out in the following two 
databases: PubMed and Embase. The databases were searched for articles published 
between January 2012 and March 2023. The full search term for each database is 
provided in Table S1.

The retrieved study records were first transferred to Rayyan QCRI and deduplicated. 
Then, the remaining records were transferred to an artificial intelligence-assisted 
review tool named ASReview. This open-source software systematically screens records 
with researcher-trained and continuously updated machine-learning algorithms [15]. 
For this study, we used naïve Bayes for classification and term frequency-inverse 
document frequency for feature extraction. Two reviewers (MV and RV) independently 
reviewed the titles and abstracts prioritized by ASReview to identify relevant reports. 
The reviewers stopped the title and abstract screening when the stopping rule of 
minimum of 2250 records and 25 subsequent irrelevant records was reached [16]. 
For both reviewers, the stopping rule was met after screening 2250 records, and the 
remaining records were labeled irrelevant by the review tool without interference from 
the reviewers Both authors independently read the full text of the selected reports. 
Disagreements about inclusion were resolved by discussion with a third reviewer (LB).

Data extraction
Two reviewers (MV and VT) independently extracted data from the included studies 
using the data extraction form provided in the Supplementary material (Table S2). 
Disagreements were resolved by discussion until consensus was reached, or with an 
additional reviewer (LB).
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The following characteristics were extracted: main author, year of publication, 
publication journal, initiated by pharmaceutical industry, continent, site type 
(multicenter or single center), type of data, type of comparison (number of treatment-
arms for RCTs and number of contemporary or historical cohorts for observational 
studies), follow-up time for the total study population, stage of disease, histology, line 
of treatment, type of treatment of interest (any type of PD-1/PD-L1 or CTLA-4 inhibitor 
alone, or in combination with chemotherapy, targeted agents or other immunotherapy), 
cycle duration for the treatment of interest, follow-up time for the treatment of interest, 
comparator treatment (any type of systemic treatment or trial estimate or individual 
patient data trial), cycle duration for the comparator treatment, follow-up time for 
the comparator treatment. The following characteristics of PFS measurement were 
extracted: progression-defining events, start and end dates used for PFS calculation, 
radiological and/or non-radiological criteria (and if radiological, the type of criteria), 
type of radiological imaging, radiological imaging reviewer, and tumor assessment 
schedule. The type of radiological criteria is further categorized based on conventional 
(RECIST v1.1 introduced in 2009 [17], the newer response criteria (immune related- [18], 
immune- [19], and immune modified- RECIST [20], respectively introduced in 2013, 2017 
and 2018) and a category of other or modified criteria. The characteristic ‘Response 
assessment schedule’ was categorized into highly detailed, moderately detailed, and 
not detailed, as described in Table S3.

Data synthesis
Descriptive statistics were used to summarize and compare the findings between RCTs 
and observational studies. The completeness of PFS definitions and measurements 
reported for each observational study was assessed using a scoring system with one 
point for each characteristic of PFS measurement, leading to a maximum total score of 
eight points. For each observational study characteristic, the distribution of reporting 
was presented in a boxplot.

Results

Search strategy and study selection
The initial search yielded a total of 9162 records after deduplication. Of these, 8474 
were excluded based on title and abstract screening using the AI-assisted review tool 
ASReview. Once the stopping rule was met, 688 reports were sought for retrieval; 
however, 418 could not be retrieved, mainly due to their status as conference abstract 
from Embase. After assessing 270 full-text reports for eligibility, 86 more reports were 
excluded. A total of 184 studies were thus included for data extraction. Of these, 40 
were RCTs [31-70] and 144 were observational studies [71-214] (Figure 1).
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Embase (n = 8689)

Records identified from: 

Pubmed (n = 2335) 

Records removed before 
screening:
Dublicate records (n = 1862)

Records screened 
(n = 9162)

Records Excluded:
By reviewers (n = 1562)
By review tool (n = 6912)

Reports sought for retrieval 
(n = 688)

Reports not retrieved 
(n = 418)

Reports assessed for eligibility
(n = 270)

Reports excluded (n = 86)
- No PFS reported; n = 23
- No comparator arm; n = 55
- Subgroup analysis; n = 6
- No English language; n = 2

Studies included in review 
(n = 184), comprising:
-  40 RCTs 
- 144 Observational studies 

Figure 1. Prisma-flow diagram

Study characteristics
Most included RCTs were published between 2021 and 2023 (48%) in journals with a 
median impact factor of 45.9 (Interquartile range [IQR] 20.4 – 70.7), Table 1. All RCTs 
were initiated by the pharmaceutical industry, and were mostly conducted across 
multiple continents (70%). Most RCTs included patient populations with only stage IV 
disease (50%), with both non-squamous and squamous histologies (58%), and receiving 
first-line treatment (80%). In addition, most RCTs compared two treatment arms (90%), 
with immunotherapy most often as the treatment of interest (38%) and chemotherapy 
most often as the comparator (62%).
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Table 1. Characteristics of the included clinical trials and observational studies.

Characteristics RCTs Observational 
studies

N = 40 N = 144

Study information

Year of publication, n (%)

2015-2017 7 (18) 1 (1)

2018-2020 14 (35) 43 (30)

2021-2023 19 (48) 100 (69)

Journal impact factor

Median [IQR] 45.9 [20.4 – 70.7] 4.4 [2.9 – 5.3]

Not reported 0 1 (1)

Study design

Initiated by pharmaceutical industry, n (%)

Yes 40 (100) 5 (3)

No 0 (0) 139 (97)

Continent, n (%)

Asia 12 (30) 90 (62)

America 0 (0) 36 (25)

Europe 0 (0) 12 (8)

Australia 0 (0) 3 (3)

Multicontinent 28 (70) 1 (1)

Not reported 0 (0) 2 (1)

Site type, n (%)

Multicenter 40 (100) 53 (37)

Single center 0 (0) 89 (62)

Not reported 0 (0) 2 (1)

Type of data, n (%)

Electronic health records 0 (0) 74 (51)

EHR combined with other data 0 (0) 13 (9)

Registry/database 0 (0) 11 (8)a

Clinical trial 40 (100) 0 (0)

Other 0 (0) 2 (1)b

Not reported 0 (0) 44 (31)

Type of comparison, n (%)

For trials Two treatment arms 36 (90) NA

>Two treatment arms 4 (10) NA

For observational studies One cohort versus trial 
estimate (descriptive)

NA 34 (24)

One cohort versus IPD trial NA 4 (3)

Two cohorts: Contemporary NA 82 (57)
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Table 1. Continued.

Characteristics RCTs Observational 
studies

N = 40 N = 144

Two cohorts: Historical NA 8 (6)

>Two cohort: Contemporary NA 16 (11)

Follow-up time in months

Total study population (median [IQR]) 11.7 [9.0 – 16.3] 13.9 [9.3 – 20.2]

Not reported, n (%) 20 (45) 63 (44)

Stage of disease, n (%)

Stage III$ 2 (5) 15 (10)

Stage IV 20 (50) 72 (52)

Stage III$ and IV 18 (45) 40 (28)

Not reported 0 (0) 17 (12)

Histology, n (%)

Non-squamous 7 (18) 47 (33)

Squamous 10 (7) 2 (1)

Both 23 (58) 91 (63)

Not reported 0 (0) 4 (3)

Line of treatment, n (%)

1L 32 (80) 36 (25)

2L or later lines 8 (20) 52 (36)

Different lines 0 (0) 42 (29)

Not reported 0 (0) 14 (10)

Treatment of interest

Type of treatment, n (% is n/N*)

Immunotherapy (monotherapy) 17 (38) 48 (30)

Immunotherapy + chemotherapy 15 (33) 42 (26)

Immunotherapy + immunotherapy (+ chemotherapy) 9 (20) 0 (0)

Immunotherapy + (chemo)radiotherapy 1(2) 22 (14)

Immunotherapy + anti-angiogenesis (+ chemotherapy) 3 (7) 22 (14)

Other 0 (0) 1 (1)c

Two or more of the above treatments within one arm 0 (0) 26 (16)

Cycle duration, n (% = n/N*)

Two weeks 6 (13) 23 (14)

Three weeks 29 (64) 28 (18)

Other 9 (20) 24 (15)

Not reported 0 (0) 85 (53)
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Table 1. Continued.

Characteristics RCTs Observational 
studies

N = 40 N = 144

Follow-up time in months

Median [IQR] 14.7 [12.2 – 18.9] 14.3 [9.2 – 18.6]

Not reported, n (% is n/N*) 20 (45) 135 (84)

Comparator treatment

Type of treatment, n (% = n/N*)

Immunotherapy (monotherapy) 2 (5) 48 (32)

Immunotherapy + chemotherapy 0 (0) 3 (2)

Anti-angiogenesis (+chemotherapy or immunotherapy) 1 (3) 15 (10)

Chemotherapy 25 (62) 23 (15)

(chemo)radiotherapy (+ immunotherapy) 0 (0) 14 (9)

Placebo (+ combinations) 12 (30) 0 (0)

Two or more of the above treatments within one arm 0 (0) 9 (6)

NA (comparison with trial) NA 38 (25)

Cycle duration, n (% = n/N*)

Two weeks 2 (5) 3 (2)

Three weeks 32 (80) 29 (19)

Other 5 (15) 12 (8)

Not reported 0 (0) 106 (71)

Follow-up time in months

Median [IQR] 14.6 [10.9 – 17.8] 16.5 [12.8 – 29.5]

Not reported, n (% is n/N#) 32 (71) 127 (85)

Abbreviations: 1L, first-line treatment; 2L, second-line treatment; IQR, interquartile range; IPD, individual 
patient data; NA, not applicable.
* The total number of treatment arms defined as treatment of interest was n=45 for clinical trials and n=161 
for observational studies.
# The total number of treatment arms defined as comparator treatment this percentage was n=40 for clinical 
trials and n=150 for observational studies
$ Only studies in patients with unresectable stage III disease were included.
a One study used interviews and the other study used data reported by physicians.
b Seven studies used disease specific registries and four studies did not specify the type of registry used.
c Immunotherapy + anti-osteoporosis.

Most observational studies were published between 2021 and 2023 (69%) in journals 
with a median impact factor of 4.4 [IQR 2.9 – 5.3]. Most observational studies were 
not initiated by the pharmaceutical industry (97%), and were conducted in Asia (62%), 
in single centers (62%), and used electronic health records (51%). Most observational 
studies included patient populations with stage IV disease (54%), with both non-
squamous and squamous histologies (63%) and receiving second-line or higher-line 
treatment (36%). In addition, most observational studies compared treatments between 
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two contemporary cohorts (57%), with immunotherapy most often as the treatment of 
interest (30%) and as the comparator treatment (32%).

The treatments in the RCTs with two treatment arms and the observational studies with 
two cohorts are presented in a circle plot, respectively Figure S1 and S2. RCTs most 
often compared immunotherapy monotherapy with chemotherapy, while observational 
studies most often compared immunochemotherapy with immunotherapy 
monotherapy.

PFS measurement characteristics
All PFS measurement characteristics are presented in Figure 2. For most RCTs, PFS was 
defined with events including both progression and death (98%), and follow-up from 
the date of randomization (96%) to the date of the last radiological scan (90%). For 
measurement criteria, radiological criteria solely were used for most RCTs (98%), with 
RECIST v.1.1 criteria used in 98% of studies. Disease progression was assessed using 
(PET-)CT and/or MRI for all RCTs and radiological images were reviewed by a radiologist 
for 75% of RCTs. The response assessment schedule was highly detailed for all RCTs. 
In addition, reporting rate for RCTs was high, with fewer than 5% of measurement 
characteristics not reported.

Reporting for observational studies was low, with significant proportions of studies 
not providing details on key PFS measurement characteristics: event definition (22%), 
start date (16%), end date (69%), type of radiological imaging (59%), imaging reviewer 
(78%), and tumor assessment schedule (57%). When reported, 66% of observational 
studies defined PFS based on both progression and death events. For the follow-up 
period, 76% of studies used the date of treatment initiation, and 17% used the date 
of last follow-up. Regarding measurement criteria, only radiological criteria were used 
in 73% of the studies, only non-radiological criteria in 2%, and a combination of both 
in 13%. Among studies using radiological criteria, 70% employed RECIST v1.1. Disease 
progression was measured using (PET-)CT and/or MRI for 75% of observational studies 
and radiological images were reviewed by different reviewers. The level of detail for 
the tumor assessment schedule varied from highly detailed (25%), moderately detailed 
(13%) and not detailed (6%).

For all observational studies, the completeness of reporting on PFS definitions and 
measurement characteristics did not vary according to study information and study 
design characteristics (Table S4).
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Figure 2. Horizontal bar chart displaying PFS measurement characteristics of the included clinical 
trials and observational studies
Abbreviations: iRECIST, immune-related response evaluation criteria of solid tumors; irRECIST, immunotherapy 
response evaluation criteria of solid tumors; imRECIST, immune-modified response evaluation criteria of 
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solid tumors; RECIST, response evaluation criteria of solid tumors; (PET-)CT, (positron emission tomography-)
computed tomograpgy; PFS, progression-free survival; MRI, magnetic resonance imaging.
± Percentages are calculated by dividing the number of each category of ‘type of radiological criteria’ by the 
total number of studies that used radiological criteria.
# Highly detailed response assessment schedules are expressed in exact units such as cycles, days, weeks or 
months with a no significant allowance for variation (+/- 7 days or less). For example, response assessments 
occur every 6 weeks.
& Moderately detailed response assessment schedules are expressed in units such as cycles, days, weeks 
or months with a significant allowance for variation (>7 days). For example, response assessments occur 
approximately every 2 to 3 months.
$ Not detailed response assessment schedules lacking precise timeframes. For example, response 
assessments occur at the physician’s discretion.
a Three observational studies used other event definitions: disease progression, death or change of treatment 
(n = 1), disease progression or change of treatment (n = 1), and tumor relapse or death (n=1).
b One clinical trial used the date of sub-study registration as start date of PFS evaluation.
c Nine observational studies used other start dates for PFS evaluation: the last date of (chemo)radiotherapy 
(n = 7), the last date of radiotherapy plus extra days to correct for immortal time bias (n=1), and the first day 
of no evidence of disease progression (n=1).
d Nine observational studies used other end dates for PFS evaluation: the last contact date or cut-off date if 
earlier (n = 6), and the last contact date of start date of new treatment line (n = 1).
e One clinical trial used the mWHO criteria to detect disease progression.
f Eleven observational studies used other or modified radiological criteria: RECIST modified to detect 
pseudoprogression (n = 4), modified RECIST (n = 5), immune-related response criteria
(n = 1), and RANO criteria (n = 1).
g In one clinical trial, radiological imaging was reviewed by a combination of a qualified study physician and a 
radiologist to review radiological imaging.
h Four observational studies used other radiological imaging reviewers: a combination of a radiologist and a 
physician (n = 2), and a combination of an investigator and a radiologist (n = 1).

Discussion
This study was the first to systematically evaluate how PFS was defined, measured and 
reported across RCTs and observational studies. The results show that, in contrast to 
RCTs, observational studies often lack reporting on PFS definitions and measurements, 
with 69% not reporting the end date for PFS measurement, 59% not reporting the type 
of radiological imaging, 78% not reporting the imaging reviewer, and 57% not reporting 
the tumor assessment schedule. For studies that did report on PFS definitions and 
measurements, these often differed from those in RCTs, particularly regarding event 
definitions, the start- and stop dates for PFS measurement, and tumor assessment 
schedules. These findings hinder the interpretability and reliability of PFS outcomes of 
observational studies, limiting their ability to complement evidence from RCTs.

The low level of reporting of PFS measurement characteristics in observational studies 
included lacking information on the end date of PFS calculation, the type of radiological 
imaging and its reviewer, and the tumor assessment schedule. This lack of information 
can lead to unreliable estimates of PFS that are difficult to interpret and unreliable 
to use in clinical practice, undermining clinicians’ ability to make informed treatment 
choices. At the time these studies were conducted, general reporting standards for 
observational research such as STROBE [9] and RECORD-PE [10], were available and 
included recommendations for clearly defining outcomes. However, specific guidance 
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to oncological observational studies, such as those later provided by the ESMO [12] and 
ASCO [13], were not available, which may have contributed to the insufficient reporting. 
Although the introduction of these guidance documents is a step forward, they still 
do not provide specific instructions on reporting PFS measurement characteristics. 
Detailed reporting instructions on definitions of PFS, including events and follow-up 
times, and measurement criteria for PFS, including radiological criteria, assessment 
intervals, radiological imaging and reviewers, are needed to improve the interpretability 
and reliability of PFS estimates from observational studies.

The variability in PFS definitions can be attributed to both fundamental flaws in 
study design choices and inherent limitations in the design of observational studies. 
One such fundamental flaw is using only disease progression as relevant event in 
PFS estimates, which could lead to biased estimates of PFS. An inherent limitation 
of observational studies is that PFS is measured from the date of treatment start, 
whereas in RCTs PFS is measured from the date of randomization. Also, the observed 
variability in PFS measurement criteria could result from inherent limitations of the 
observational studies since they leverage data from real-world clinical practices rather 
than highly standardized settings. For example, response assessments in observational 
studies occur less frequently and consistently than in RCTs, causing delayed or missed 
detection of disease progression, introducing assessment bias in PFS comparisons 
with RCTs as well as other observational studies [5,21]. While some of the variabilities 
in PFS measurement criteria, such as the choice of imaging modalities or the frequency 
of response assessments, may be unavoidable due to the practical constraints of 
routine clinical care, others can be minimized through high-quality study design 
and methodologies. A recommended approach is to use the target trial emulation 
framework, which helps to design observational studies by closely replicating the design 
of hypothetical RCTs [22]. Aligning key elements of trials, including strict PFS definitions, 
radiological criteria, imaging reviewers, and - where feasible- assessment schedules, 
reduces the variability in PFS measurement characteristics between observational 
studies and between observational studies and RCTs, thereby reducing bias in PFS 
comparisons between studies.

Some inherent variability in PFS measurement characteristics between observational 
studies and RCTs will always remain, which limits the ability to use evidence from 
observational studies to complement evidence from RCTs. In clinical practice, physicians 
evaluate disease progression to guide individual treatment decisions, resulting in less 
standardized measurement of PFS compared to RCTs. In clinical practice, the evaluation 
of disease progression is also based on clinical criteria such as worsening of clinical 
symptoms and performance status rather than solely on RECIST-evaluated radiological 
imaging.[25] Additionally, the timing and use of scans in clinical practice are based 
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on clinical needs and available resources rather than strict predefined protocols. In 
contrast, RCTs only use RECIST-evaluated radiological imaging and strict assessment 
schedules to evaluate disease progression. These variations in evaluation methods can 
result in biased PFS outcomes. [5] [26]This can be illustrated by the recent findings 
from the PACIFIC-R study [23], an observational study designed to complement the 
PACIFIC RCT [24] by evaluating the effectiveness of adjuvant durvalumab in patients 
with unresectable NSCLC. The PACIFIC-R study reported a longer median PFS compared 
to the PACIFIC RCT (24.9 versus 16.9 months). Similarly, findings from our previous study 
on durvalumab showed longer PFS in patients treated in clinical practice compared to 
those in the PACIFIC RCT (27.1 versus 16.9 months) [27]. Both examples illustrate that 
without a standardized approach, PFS from observational studies may not capture the 
same clinical outcome as PFS from RCTs, raising the question whether PFS outcomes 
in observational studies can be reliably used to complement PFS outcomes from 
RCTs. Using the term ‘real-world PFS’ for PFS outcomes in observation studies may 
help to highlight the difference in measurement and context, as also discussed by 
others. [28, 29] Other endpoints, such as time to treatment discontinuation and time 
to treatment failure, have been proposed as more pragmatic alternatives for assessing 
treatment effects in clinical practice, although they also have their limitations [30]. 
Nevertheless, PFS estimates from observational studies are valuable in situations where 
there is a total lack of evidence from RCTs. For example, they provide valuable insights 
into specific subpopulations not represented in RCTs and into treatment comparisons 
where no head-to-head RCT is available. While PFS estimates from observational studies 
are fit-for-purpose in these situations, they should be evaluated critically due to the 
inherent variability in their measurement.

Several limitations of our scoping review should be considered. First, the review was 
limited in scope as it focused primarily on immunotherapy treatments for advanced 
NSCLC, which may not fully represent the broader range of issues across different types 
of cancer and treatment modalities. However, we believe that the observed variation in 
PFS measurement characteristics and lack of reporting is likely to apply to other settings 
as well. Additionally, while there is a small risk of missing studies due to the AI-assisted 
review tool, the review of nearly 10000 studies support the reliability of our findings, 
even if a few studies were missed.

Conclusion
The findings from our scoping review show that, in contrast to RCTs, observational 
studies often lack reporting on PFS definitions and measurements. When these 
characteristics are reported, they often differ across observational studies and 
between them and RCTs. Since observational studies are important for complementing 
evidence, aligning PFS definition and measurement criteria with those used in RCT, 
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along with detailed reporting on these aspects, is needed. However, some variability 
in PFS measurement characteristics is unavoidable, and therefore, PFS estimates from 
observational studies should be interpreted critically and carefully.
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Supplementary

Table S1. Search strategy in Pubmed and Embase

Database Search strategy

PubMed “Programmed Cell Death 1 Receptor”[Mesh] OR “programmed cell death 1 receptor” [tiab] OR 
“programmed cell death 1 receptors” [tiab] OR “Programmed Cell Death Protein 1 Inhibitor” 
[tiab] OR “Programmed Cell Death Protein 1 Inhibitors” [tiab] OR “pd-1 inhibitor” [tiab] OR 
“pd-1 inhibitors” [tiab] OR “PD-L1 inhibitor”[tiab] OR “PD 1 inhibitor” [tiab] OR “PD 1 inhibitors” 
[tiab] OR “PD-L1 inhibitors”[tiab] OR “Programmed Death-Ligand 1 Inhibitors” [tiab] OR 
“Programmed Death Ligand 1 Inhibitors” [tiab] OR “Programmed Death-Ligand 1 Inhibitor” 
[tiab] OR “Programmed Death Ligand 1 Inhibitor” [tiab] OR “CTLA-4 Antigen”[Mesh] OR “ctla-
4 antigen” [tiab] OR “cytotoxic Tlymphocyte antigen 4” [tiab] OR “CTLA 4 inhibitors” [tiab] OR 
“CTLA 4 Inhibitors” [tiab] OR “CTLA- 4 Inhibitor” [tiab] OR “CTLA 4 Inhibitor” [tiab] OR “Cytotoxic 
T-Lymphocyte-Associated Protein 4 Inhibitors” [tiab] OR “Cytotoxic T Lymphocyte Associated 
Protein 4 Inhibitors” [tiab] OR “Cytotoxic T-Lymphocyte-Associated Protein 4 Inhibitor” [tiab] OR 
“Cytotoxic T Lymphocyte Associated Protein
4 Inhibitor” [tiab] OR “anti-pd-1” [tiab] OR “anti-pd-l1” [tiab] OR “anti-ctla-4” [tiab] OR “immune 
checkpoint inhibitor” [tiab] OR “immune checkpoint inhibitors” [tiab] OR “immune checkpoint 
blocker” [tiab] OR “immune checkpoint blockers” [tiab] OR “ICI” [tiab] OR “ici therapy” [tiab] OR 
“pembrolizumab” [tiab] OR “nivolumab”[tiab] OR “atezolizumab”[tiab] OR “durvalumab” [tiab] 
OR “ipilimumab” [tiab] OR “avelumab” [tiab] OR “tremelimumab” [tiab] OR “cemiplimab” [tiab] OR 
“Antibodies, Monoclonal, Humanized” [tiab]
AND
“Carcinoma, Non-Small-cell lung”[Mesh] OR NSCLC* [tiab] OR “non-small cell lung cancer*” 
[tiab] OR “non-small cell lung carcinoma*” [tiab] OR “Carcinoma, Non Small Cell Lung” [tiab] OR 
“Carcinomas, Non-Small-Cell Lung” [tiab] OR “Lung Carcinoma, Non-Small-Cell” [tiab] OR “Lung 
Carcinomas, Non-Small-Cell” [tiab] OR “Non-Small-Cell Lung Carcinomas” [tiab] OR “Nonsmall 
Cell Lung Cancer” [tiab] OR “Carcinoma, Non-Small Cell Lung” [tiab]
AND
“Progression-free survival”[Mesh] OR “Progression free survival” [tiab] OR “progression-free 
survival” [tiab] OR PFS [tiab] OR “progression-free” [tiab] OR “progression free” [tiab] OR “time to 
progression”[tiab] OR “Survival, Progression-Free” [tiab]”

Embase “programmed death 1 receptor”/exp OR “cytotoxic T lymphocyte antigen 4”/exp OR 
‘programmed cell death 1 receptor’:ab,ti OR ‘programmed cell death 1 receptors’:ab,ti OR 
‘programmed cell death protein 1 inhibitor’:ab,ti OR ‘programmed cell death protein 1 
inhibitors’:ab,ti OR ‘pd-l1 inhibitor’:ab,ti OR ‘pd 1 inhibitor’:ab,ti OR ‘pd 1 inhibitors’:ab,ti OR 
‘pd-l1 inhibitors’:ab,ti OR ‘programmed death ligand 1 inhibitors’:ab,ti OR ‘programmed death 
ligand 1 inhibitor’:ab,ti OR ‘ctla 4 antigen’:ab,ti OR ‘cytotoxic t-lymphocyte antigen 4’:ab,ti OR 
‘ctla 4 inhibitors’:ab,ti OR ‘ctla 4 inhibitor’:ab,ti OR ‘cytotoxic t lymphocyte associated protein 4 
inhibitors’:ab,ti OR ‘cytotoxic t lymphocyte associated protein 4 inhibitor’:ab,ti OR ‘anti-pd-1’:ab,ti 
OR ‘anti-pd-l1’:ab,ti OR ‘anti-ctla-4’:ab,ti OR ‘immune checkpoint inhibitor’:ab,ti OR ‘immune 
checkpoint inhibitors’:ab,ti OR ‘immune checkpoint blocker’:ab,ti OR ‘immune checkpoint 
blockers’:ab,ti OR ‘ici’:ab,ti OR ‘ici therapy’:ab,ti OR ‘pembrolizumab’:ab,ti OR ‘nivolumab’:ab,ti 
OR ‘atezolizumab’:ab,ti OR ‘durvalumab’:ab,ti OR ‘ipilimumab’:ab,ti OR ‘avelumab’:ab,ti OR 
‘tremelimumab’:ab,ti OR ‘cemiplimab’:ab,ti OR ‘antibodies monoclonal humanized’:ab,ti OR 
‘immunotherapy’:ab,ti
AND
‘non small cell lung cancer’/exp OR ‘nsclc*’:ab,ti OR ‘non small cell lung cancer*’:ab,ti OR ‘non 
small cell lung carcinoma*’:ab,ti OR ‘carcinomas non small cell lung’:ab,ti OR ‘lung carcinoma non 
small cell’:ab,ti OR ‘lung carcinomas non small cell’:ab,ti OR ‘non-small-cell lung carcinomas’:ab,ti 
OR ‘nonsmall cell lung cancer’:ab,ti OR ‘carcinoma non small cell lung’:ab,ti
AND
‘progression free survival’/exp OR ‘progression free survival’:ab,ti OR ‘pfs’:ab,ti OR ‘progression-
free’:ab,ti OR ‘time to progression’:ab,ti OR ‘survival progression free’:ab,ti
AND
[2011-2023]/py
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Table S2. Data extraction template

Specification

Name study …

Number in search file …

First author …

Publication journal …

Publication year …

Journal impact factor …

Initiated by pharmaceutical 
industry

Yes/no

Continent America/Africa/Asia/Oceania/Multi-continent/Not reported

Type of study design RCT/observational study

Type of site Multicenter / Single center / other

If multicenter, how many centers involved: …

Type of data EHR/EHR data supplemented with other data/ Registries (treatment, 
disease or other, please specify)/ Claims data/ Clinical trial data/ Other, 
please specify /Not reported

Type of comparison For RCTs;
- two treatment arms
- >two treatment arms

For observational studies
- one cohort versus trial estimate
- one cohort versus IPD trial
- two cohorts with contemporary treatments
- two cohorts: one with treatment of interest and one historical cohort
- > two cohorts (contemporary or historical)

Follow-up time (in months) - For the total study population
- For the treatment of interest
- For the comparator treatment

Stage of disease Stage IIIb/ Stage IIIc/ Stage IVa / Stage IVb / Other, please specify / Not 
reported

Type of histology Squamous / Adeno / Large cell / Not other specified / Other, please specify 
/ Not reported

Line of treatment 1L / 2L/ higher lines/ Other, please specify / Not reported

Type of treatment of interest Any PD-1/L1 or CTLA-4 inhibitor alone or in combination with other 
treatments. Specify all anticancer drugs used within one treatment 
regimen.
…

Type of comparator Specify all comparators (any type of systemic treatment or trial estimates 
or IPD trial)
…

Cycle duration (in weeks) - For the treatment of interest
…
- For the comparator treatment
…

Event definition Disease progression and death / Disease progression alone / Other, 
please specify/ Not reported
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Table S2. Continued.

Specification

Start date for calculation PFS Date of treatment start / Date of diagnoses / Date of randomization / 
Other, please specify / Not reported

End date for PFS calculation Date of last follow-up / Date of last radiological scan / End of study period 
/ Other, please specify / Not reported

Radiological and/or non-
radiological criteria

Only radiological / Only non-radiological / Both / Not Reported

If non-radiological criteria were used, please specify

Type of radiological criteria RECIST v1.1 / iRECIST / irRECIST / imRECIST / modified criteria, please 
specify modifications / other criteria, please specify / Not reported

Type of radiological imaging (PET-)CT / MRI / X-ray / Other, please specify / Not reported

Radiological imaging reviewer Radiologist / Physician / Investigator / Other, please specify / Not reported

Response assessment schedule …

Table S3. Categorization of ‘response assessment schedule’.

Category Definition Example

Highly detailed Response assessment schedules that are expressed in 
exact unite such as cycles, days, weeks, months, with no 
significant allowance for variation (+/- 7 days)

‘Response assessment occur 
every 6 weeks’

Moderately 
detailed

Response assessment schedules that are expressed in 
exact unite such as cycles, days, weeks, months, with 
allowance for variation (> 7 days)

‘Response assessments occur 
every 2 to 3 months’

Not detailed Response assessments schedules without precise 
timeframes

‘Response assessments occur at 
the physician’s discretion’

Not reported - -

3
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Table S4. Completeness of reporting of PFS evaluation characteristics for each characteristics 
of observational studies.

Study characteristics Observational 
studies 
(n = 144)

Completeness of reporting of PFS 
evaluation characteristics*

N (%)

Year of 
publication

2015-2017 1 (1) NA

2018-2020 43 (30)

2021-2023 100 (69)

Journal impact 
factor

< 4.4 72 (50)

≥ 4.4 72 (50)

Sponsored by 
the industry

Yes 5 (3)

No 139 (97)

Continent Asia 90 (62)

America 12 (8)

Europe 36 (25)

Australia 3 (3)

Multicontinent 1(1) NA

Not reported 2 (1) NA

Site type Multicenter 53 (37)

Single center 89 (62)

Not reported 2 (1) NA

Type of data EHR 74 (51)

EHR combined with other 
data

13 (9)

Registry/database 11 (8)

Other 2 (1) NA

Not reported 44 (31)

Type of 
comparison

One cohort with trial 
(descriptive)

34 (24)

One cohort: Benchmark trial 
(statistical)

4 (3)

Two cohort: Contemporary 82 (57)

Two cohort: Historical 8 (6)

>Two cohort: Contemporary 16 (11)
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Table S4. Continued.

Study characteristics Observational 
studies 
(n = 144)

Completeness of reporting of PFS 
evaluation characteristics*

N (%)

Follow-up time Reported 81 (56)

Not reported 63 (44)

Stage of 
disease

Stage III 15 (10)

Stage IV 72 (52)

Both 40 (28)

Not reported 17 (12)

Histology Non-squamous 47 (33)

Squamous 2 (1) NA

Both 91 (63)

Not reported 4 (3)

Line of 
treatment

1L 36 (25)

2L or later lines 52 (36)

Different lines 42 (29)

Not reported 14 (10)

Total score

Abbreviations: EHR, electronic health records; NA, not applicable.
* For each study, the completeness of reporting for all PFS evaluation characteristics was assessed using a 
scoring system with a total score of 8. Each missing variable resulted in a reduction of 1 point from the total 
score.

3



126

Chapter 3.1

Figure S1: Circle plot of treatment comparisons in clinical trial with two treatment arms 
(n = 36). The segment borders are blue for the treatment of interest and grey for the comparator 
treatment.
Abbreviations: AC, anti-angiogenesis + chemotherapy; C, chemotherapy; I¸ immunotherapy; IC, immunotherapy 
+ chemotherapy; ICA, immunotherapy + chemotherapy + anti-angiogenesis; I(C)RT, Immunotherapy + (chemo)
radio therapy; II, Immunotherapy + immunotherapy; IIC, Immunotherapy + immunotherapy + chemotherapy; 
P, placebo; PC, placebo + chemotherapy; PI; Placebo + immunotherapy; PCA , placebo + chemotherapy + 
anti-angiogenesis.
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Figure S2: Circle plot of treatment comparisons in observational studies with two treat-
ment cohorts (n = 90). The segment borders are blue for the treatment of interest and grey for 
the comparator treatment.
Abbreviations: A, anti-angiogenesis; AC, anti-angiogenesis + chemotherapy; C, chemotherapy; D, different 
treatments per arm; ICA , immunotherapy + chemotherapy + anti-angiogenesis; I , immunotherapy 
(monotherapy); IA , immunotherapy + anti-angiogenesis; IC, immunotherapy + chemotherapy; I(C)RT, 
immunotherapy + (chemo)radiotherapy; O, other.

3





Marjon V Verschueren, Hanieh Abedian Kalkhoran, Maarten Deenen, 
Ben EEM van den Borne, Juliëtte Visscher, Loes E Visser, Lourens T Bloem, 

Bas JM Peters, Ewoudt MW van de Garde

JCO Clinical Cancer Informatics. 2024 Oct 8:e2400053.
DOI: 10.1200/CCI.24.00053

3.2
Development and portability of a  

text-mining algorithm for capturing  
disease progression in electronic health  

records of patients with stage IV  
non-small cell lung cancer treated  

with immunochemotherapy.



130

Chapter 3.2

Abstract

Purpose
The objective was to develop and evaluate the portability of a text-mining algorithm 
for prospectively capturing disease progression in electronic health record (EHR) 
data of patients with metastatic non-small cell lung cancer (mNSCLC) treated with 
immunochemotherapy.

Methods
This study used EHR data from mNSCLC patients receiving immunochemotherapy 
(between 01-10-2018 and 31-12-2022) in four Dutch hospitals. A text-mining algorithm 
for capturing disease progression was developed in hospitals 1 and 2 and then 
transferred to hospitals 3 and 4 to evaluate portability. Performance metrics were 
calculated by comparing its outcomes to manual chart review. Also, data were simulated 
to come available over time to assess performance in real-time applications. Median 
progression-free survival (mPFS) was calculated using the Kaplan-Meier method to 
compare text-mining to manual chart review.

Results
During development and portability, the text-mining algorithm performed well in 
capturing disease progression, with all performance scores >90%. When real-time 
performance was simulated, the performance scores in all four hospitals exceeded 90% 
from week 15 after the start of follow-up. Although the exact progression dates varied 
in 46 patients out of 157 patients with progressive disease, the number of patients 
labeled with progression too early (n = 24) and too late (n = 22) was well balanced with 
discrepancies ranging from -116 to 384 days. Nevertheless, the PFS curves constructed 
with text-mining and manual chart review were highly similar for each hospital.

Conclusion
In this study, an accurate text-mining algorithm for capturing disease progression in the 
EHR data of patients with mNSCLC was developed. The algorithm was portable across 
different hospitals, and the performance over time was good, making this an interesting 
approach for prospective follow-up of multicenter cohorts.
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Introduction
Real-world effectiveness studies of anti-cancer treatments commonly use progression-
free survival (PFS) as an endpoint.[1,2] Most of these studies define PFS as the time 
from treatment initiation to the first documentation of disease progression or death, 
whichever comes first. [3] In clinical practice, disease progression is evaluated through 
a variety of assessments, such as imaging, physical examination, and pathological 
outcomes, which findings are primarily documented by the thoracic oncologist and 
radiologist in the unstructured text fields within the electronic health records (EHR). 
This multifactorial evaluation leads to a variety of terminology used to express disease 
progression (e.g., tumor growth, disease worsening, or clinical deterioration). The lack 
of structured data requires time-consuming manual chart review of multiple notes for 
capturing disease progression endpoints. According to Griffith et al., the median time 
required to extract progression events from the EHR for one patient was 18 minutes. [4] 
Therefore, manual review is not suitable for remote real-time detection of progression 
events in large cohorts under follow-up, as it would require repeated EHR reviews per 
patient over time, which is even more time-consuming. Remote multi-center real-time 
evaluations of time to disease progression in real-world settings, however, could bring 
relevant early warning signals for possible efficacy-effectiveness gaps of novel oncology 
medicines. However, alternative strategies for real-time follow-up studies are needed 
for efficient and reliable capturing progression endpoints in EHRs.

The challenges in collecting data from unstructured text fields have driven the 
exploration of alternative methods to identify and extract information. Text-mining 
and natural language processing (NLP) techniques have been used to transform free 
text into structured data, enabling more efficient detection of data items in EHRs. 
[5,6] Cheng et al. evaluated the performance of their custom-made NLP model for 
detecting tumor progression in brain tumor patients’ neuroradiology reports, showing 
promising results with 87.3% sensitivity, 93.1% specificity, 84.9% positive predictive 
value, and 94.3% negative predictive value. [7] With the increasing success of custom-
built NLP models, commercially available NLP is now beiding used more frequently to 
extract information from EHR text fields. Van Laar et al evaluated the performance of 
commercial NLP software in capturing patient characteristics and outcomes, including 
disease progression, in metastatic renal cell carcinoma patients. [8] The algorithm 
was able to capture disease progression, but the median PFS based on its output was 
17% longer compared to manually retrieved dates of progression (8.9 vs. 7.6 months), 
indicating challenges in accurately detecting disease progression events. Furthermore, 
the study was conducted in a single-center setting, preventing conclusions about 
portability of their algorithm towards different EHR systems and clinical settings. 
Moreover, the algorithm’s performance was evaluated using historical data, leaving 
uncertainty about the performance of prospective use for detecting progression events.

3
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The objective of this study was to develop and evaluate the portability of a text-mining 
algorithm for prospectively capturing disease progression in EHRs of patients with 
mNSCLC and treated with immuno-chemotherapy in multicenter cohorts.

Methods

Study design, population and setting
The performance of a text-mining algorithm in capturing disease progression was 
assessed by comparing its results against manual chart review in a population of 
metastatic NSCLC (mNSCLC) patients treated with first-line pembrolizumab plus 
chemotherapy (immunochemotherapy). This population was chosen because the 
survival outcomes of mNSCLC are relatively short, and the treatment landscape is 
rapidly evolving, making it relevant to accelerate real-world evidence studies. Data was 
used from patients who received pembrolizumab plus chemotherapy between 01-10-
2018 and 31-12-2022 in one of the following hospitals: Catharina Hospital Eindhoven 
(CZE; hospital 1), OLVG Hospital Amsterdam (OLVG; hospital 2), Leiden University 
Medical Centre (LUMC; hospital 3), and Haga Hospital Den Haag (HAGA; hospital 4). In 
hospital 1 and 2 the Santeon Farmadatabase and in hospital 3 and 4 the Clinical Data 
Collector (CTcue®) were used to identify eligible patients. For this study, the workflow 
was built up in three steps. In the first step (‘the development’) a text-mining algorithm 
was developed in hospital 1 and then transferred to hospital 2 for optimization. In the 
second step (‘the portability’) the algorithm was transferred to hospital 3 and 4 for 
external evaluation. Lastly, in step three (‘the real-time simulation’) data was made 
available at incremental time points, and the algorithm was evaluated at each point. 
There are no standards for reporting text-mining studies, so a modified version of the 
Standards for Reporting Diagnostic Accuracy Studies guidelines was used. [9]

Ethics approval
In hospital 1 and 2, approval for patient data was obtained by the Santeon Institutional 
Review Board (SDB 2019-008). In hospital 3 and 4, approval was received by the local 
Medical Ethics Review Committees Leiden Den Haag Delft (P21-031). The need for 
informed consent was waived because of the retrospective nature of the study and 
most patients were deceased at time of conducting the study.

Test methods
Manual chart review (reference method)
As the reference method, manual chart review was applied. Reviewer 1 (MV) conducted 
the review in hospitals 1 and 2, while reviewer 2 (HAK) performed the review in hospital 
3 and 4. Both reviewers had expertise in the treatment of NSCLC patients. Manual chart 
review was conducted prior to text-mining, with a minimum interval of one week. In 
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addition, the start date of pembrolizumab, date of death, and date of last clinic visit 
were retrieved with manual chart review.

Text-mining (index test method)
As an index test method, the CTcue® text-mining tool (IQVIA Patient Finder Solution-
CTcue B.V., Amsterdam, The Netherlands)) was used. This Dutch language rule-based 
tool was employed to search and extract data from structured and unstructured EHR 
data, excluding PDF files. The tool employs NLP techniques to transform unstructured 
text into structured data. Data features that match the criteria of a query are 
subsequently presented in a graphical interface, presenting the identified text item 
with 150 characters before and after it by default. Subsequently, these identified data 
features require manual verification to ensure correctness. The underlying architecture 
of the tool is described in detail by Van Laar et al. (2020). [8]

1.	 Development
Data source and retrieval
For each patient, data were obtained from the EHR. Hospitals 2 employed EPIC software 
and hospitals 1, 3 and 4 employed Chipsoft Hix software as EHR systems. Information 
on disease progression was retrieved from all unstructured notes, such as medical 
letters, clinical or radiology notes. The period for retrieving information extended from 
the initial administration of pembrolizumab to the date of the last clinic visit for each 
patient.

Variables of interest
The variables of interest in this study were disease progression and the corresponding 
date of progression. To minimize potential bias due to inconsistent criteria for disease 
progression, a decision tree was developed to classify the presence and the date 
of disease progression (Figure S1). In patients with pseudoprogression, disease 
progression was only concluded when it was confirmed and reported in subsequent 
notes.

Text-mining algorithm
First, an initial text-mining algorithm was developed in hospital 1 by one researcher (MV), 
using clinical and radiological notes from ten randomly selected patients out of a total 
eligible population of 85 patients. Keywords related (e.g., disease progression, tumor 
progression, or tumor recurrence) and unrelated to progression (e.g., no progression, 
no signs of progression, or no recurrence) were identified through manual review. 
Additional words were formulated based on spelling errors, jargon, and literature terms. 
The list of included and excluded keywords is provided in Table S1a. The performance 
of the text-mining algorithm was evaluated in hospital 1 and afterwards transferred to 

3
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hospital 2 for optimization. To ensure adaptability to different clinical settings, the same 
researcher (MV) randomly selected ten patients from the eligible population (n = 101) 
of hospital 2 and their clinical and radiological notes were also read entirely to identify 
new progression related words, see Table S1b, to update the text-mining algorithm. 
The performance of this updated algorithm was evaluated in hospital 2. Lastly, the final 
version of the algorithm was developed by analyzing the misclassifications hospital 1 
and 2, which were used as input to update the list of (key)words (Table S1c).

2.	  Portability
The performance of the final version of the text-mining algorithm was evaluated on 
a total of 50 patients for each hospital (3 and 4) to gain insight into the portability. A 
random selection of patients was made from the eligible population using the Clinical 
Data Collector CTcue®, where patients are shuffled and pseudonymously assigned, 
ensuring a random sample. To assess the overall portability, the performance of both 
hospital 3 and 4 was evaluated after nine months of follow-up.

3.	 Real-time simulation
Through simulation of incremental data availability at weekly intervals, the algorithm’s 
performance was assessed as if it were applied in real-time. The reference point for each 
patient was the start date of pembrolizumab (t=0), with EHR data made incrementally 
available with weekly intervals until the end of follow-up, i.e. either the date of last clinic 
visit or death. The performance of the text-mining algorithm for capturing disease 
progression was assessed for each interval (week 1; week 1 + 2; week 1 + 2 + 3; etc.).

Analysis
The text-mining results for disease progression were compared with manual chart 
review and classified as false positive (FP), false negative (FN), true positive (TP), and 
true negative (TN). The performance of the text-mining algorithm was evaluated using 
standard performance metrics (recall/sensitivity, precision/positive predictive value, 
F1-score, negative predictive value, and specificity); details are in Table S2 and S3. (11) 
Additionally, for TPs, a bar chart was constructed for the number of days between 
the date of disease progression extracted with text-mining and manual chart review. 
PFS was calculated from the start of treatment until progression or death, whichever 
occurred first. Patients without an event were censored on the date of their last clinic 
visit. The Kaplan-Meier method was used to visualize the PFS curve, estimate the median 
PFS (mPFS) and calculate the Hazard Ratio (HR) between the results captured using 
text-mining and manual chart review. All analyses were performed using R software 
version 1.4.2.
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Results

Development
During development, the algorithm was applied on 75 patients in hospital 1 and 
91 patients in hospital 2. In hospital 1, manual chart review identified 35 patients 
with and 40 patients without disease progression. Of these patients, the algorithm 
correctly captured 34 positives and 37 negatives, with one FN and three FPs (Table 1a). 
In hospital 2, manual chart review identified 48 patients with and 43 without disease 
progression. Of these patients, the updated algorithm correctly captured 46 positives 
and 41 negatives, with two FNs and two FPs (Table 1b). In both hospitals the text-mining 
algorithms scored high on all performance metrics, with all scores above 92% (Table 2).

Table 1. Confusion matrix for the performance of the text-mining queries during development 
(A) and (B) and portability (C) and (D).

Abbreviations: FN, false negative; FP, false positive; TP, true positive; and TN, true negative.

3
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Table 2. Overall performance during development and portability

Development Portability

Hospital 1 
(n = 75)

Hospital 2  
(n = 91)

Hospital 3 
(n = 50)

Hospital 4 
(n = 50)

Recall / sensitivity (%) 97 96 98 100

Precision / PPV (%) 92 96 100 100

F1-score (%) 94 96 99 100

NPV (%) 97 95 91 100

Specificity (%) 93 95 100 100

Abbreviations: NPV, negative predictive value; PPV, positive predictive value.

For patients correctly captured with progression by text-mining the number of days 
between disease progression dates identified with manual chart review and text-mining 
are presented in Figures 1a and 1b. In hospital 1, 29% of patients (10/34) had date 
discrepancies (range: -89 to 25 days), with six patients being too late and four too 
early. In hospital 2, 33% of patients (15/46) had discrepancies (range: -116 to 384 days), 
with seven too late and eight too early. The reasons for date disagreements (for those 
exceeding 14 days) are outlined for each patient in Table S4. Additionally, in hospital 1 
(Figure 2a) and hospital 2 (Figure 2b), no difference in the mPFS between manual chart 
review and text-mining was observed.

Portability
The final version of the algorithm was transferred to hospital 3 (n = 50) and hospital 
4 (n =50) to evaluate its portability, the results are presented in Table 1c and 1d 
respectively. In hospital 3, manual chart review identified 40 patients with and ten 
without progression. Of these patients, the algorithm correctly captured 39 positives 
and 10 negatives, with one FN identification. In hospital 4, manual chart review identified 
38 patients with and 12 without progression. The algorithm correctly captured all these 
patients. The performance metrics in both hospitals were high ranging from 91% to 
100% (Table 2).

In hospital 3, 23% (9/39) had date discrepancies (range: -6 to 77 days), with eight patients 
being too late and one being too early (Figure 1c). In hospital 4, 32% (12/38) had date 
discrepancies (range: - 11 to 17 days), with one too late and 11 too early (Figure 1d). The 
reasons for date disagreements (>14 days) are outlined for each patient in Table S4. In 
hospital 3 (Figure 2c), the mPFS estimated with manual chart review was shorter than 
the mPFS estimated with text-mining (5.3 versus 6.4 months), with no difference in the 
PFS curves. In hospital 4 (Figure 2d), there was no difference between the mPFS and 
PFS curves estimated with manual chart review and textmining (11 versus 11 months).
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Figure 2. Kaplan-Meier curves of progression-free survival for data-extraction manual versus 
text-mining during development in hospital 1 (A) and 2 (B) and portability in hospital 3 (C) and 4 (D).

In summary, if the algorithm had been used to mNSCLC patients treated with first-line 
immunochemotherapy in hospitals 3 and 4 and evaluated atninemonths of follow-up, it 
would have only missed one patient with progression (FN) with no difference between 
the mPFS estimated with manual chart review and text-mining (6.7 versus 6.7 months).

Real-time simulation
To simulate real-time application, data was provided incrementally every week (Table 
S4). In hospital 1, one FN occurred at week 12 and three FPs occurred at weeks 39, 
71, and 74. In hospital 2, two FNs occurred at weeks 7 and 32, and two FPs occurred 
at week 15. Hospital 3 had only one FN at week 5, and hospital 4 had no incorrect 
identifications. Performance metrics for these simulations at each time interval are 
presented in Figure S2.

Discussion
This study showed that our text-mining algorithm is feasible for capturing disease 
progression in the EHR of mNSCLC patients treated with immunochemotherapy. The 
algorithm performed well in all hospitals, with all performance scores higher than 
91%. The algorithm also performed well over time when repeatedly applied to newly 
available EHR data at weekly intervals. Although the exact progression dates varied in 
approximately 30% of patients, the number of patients labeled with progression too 
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early (n = 24) and too late (n = 22) was well balanced with discrepancies ranging from 
-116 to 384 days. Nevertheless, the PFS curves constructed with text mining and manual 
chart review were highly similar for each hospital. These outcomes indicate that this 
algorithm can be used to investigate the real-world effectiveness of cancer treatments.

This study is the first to develop and evaluate the performance of a text-mining 
algorithm for capturing disease progression in mNSCLC in multiple clinical settings. 
Previous studies on text-mining models for disease progression were either in different 
malignancies or single-center studies. For example, Cheng et al developed a text-
mining algorithm for brain tumor patients with comparable performance scores (all 
scores > 87%) to our text-mining algorithm. [8] Ping et al captured recurrent disease in 
hepatocellular carcinoma patients with a comparable F1 score of 84%. [10] Recently, Lee 
et al. developed an algorithm called the ‘image-based-rule’, which uses text-mining to 
identify disease recurrence in radiological reports of patients with ovarian cancer. The 
performance of their algorithm was good, according to their reported numbers, an F1 
score of 81% could be calculated. [11] Furthermore, our models’ overall performance 
was similar to the performance of Van Laar et al., who evaluated the same commercial 
NLP tool (CTcue®) for disease progression in renal cell carcinoma (F1 score 94.5%). [8] 
However, our algorithm was more accurate in estimating PFS curves with no difference 
from manual review, whereas the PFS curves estimated by Van Laar et al. were less 
identical, with a mPFS difference of 17% between text-mining and manual chart review. 
This difference may be due to our predefined decision tree for estimating progression, 
in contrast to their non-standardized approach. Additionally, they only included 
radiology notes, thus potentially missing relevant medical notes.

This study also evaluated the portability of the algorithm by testing its performance 
in multiple clinical settings. Overall, the algorithm performed well in different settings, 
with all performance scores above 90%. However, in 28% of all patients with progressive 
disease, discrepancies were observed between the calendar dates for progression. After 
analyzing the discrepancies, we observed that specific terms, such as ‘growth of lesions’ 
or ‘new nodular metastasis’, were used to indicate progression. This underscores that 
healthcare providers may use specific terminology to indicate progression. One solution 
to address this issue and improve generalizability is to manually review ten patients 
with and without progression to capture additional keywords before implementing the 
algorithm in a new setting and periodically after one year of deployment. Additionally, 
selecting patients with apparently short or long mPFS for manual review of their files can 
help users of the algorithm to identify potential false positives and negatives. Another 
explanation for the date discrepancies could be the lack of standardized response 
criteria, leading to varying interpretations of disease progression. This aligns with the 
findings of a previous study, demonstrating that relying only on standard response 

3
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criteria to abstract information on cancer progression from EHRs is not possible, as 
these criteria were not used in 75% of the cases. [12] Discrete reporting of progression 
in standardized care pathways could overcome these disagreements. However, it is 
reassuring that no difference in the PFS curves was observed, indicating that the date 
disagreements were well balanced.

Another relevant finding is the good performance of the algorithm over time, indicating 
its potential for prospective follow-up of patients to capture disease progression. 
Currently, prospective patient follow-up involves repetitive manual chart review 
of newly available EHR data. However, this process is time-consuming. [4,13] Our 
algorithm could overcome this limitation by constructing an automated process for 
capturing progression events in multiple clinical settings parallel. The algorithm can 
run continuously, enabling real-time capture of progression, and facilitating real-time 
evaluation of PFS. This real-time evaluation allows for incremental and timely comparison 
with the PFS reported in clinical trials to assess potential efficacy-effectiveness gaps, 
which could provide an early signal to healthcare providers regarding of the relative 
effectiveness of specific treatments in clinical practice, enabling them to make informed 
decisions on treatment strategies. [14] However, sequentially evaluating this gap would 
require sophisticated statistical methodology to adjust for multiple testing to prevent 
false positive conclusions [15] and, the completeness and accuracy of mortality data 
should be validated for the calculation of PFS. [16] In the Netherlands, this validation is 
usually achieved by crosschecking it with the mortality data from the Personal Records 
Database. The study’s strengths include its multicenter approach for developing and 
evaluating a text-mining algorithm, and assessing its performance over time. However, 
certain limitations should be addressed. First, the use of a commercial text-mining tool 
(CTcue®) lacks transparency in the used NLP methods, as the underlying algorithms and 
processing pipelines are not openly accessible. This limits the generalizability to Dutch-
language hospitals using this commercial software. However, the identified keywords 
could also be used by non-commercial NLP models. Second, the data was not subject 
to a manual chart review in duplicate to ensure its quality. Nevertheless, a decision 
tree (Table S1) was used to minimize inconsistencies in the data, and in case of any 
ambiguities, a thoracic oncologist was consulted. Third, the mPFS observed in hospital 
4 was around two times longer than the mPFS observed in the other hospitals, with 
no difference between manual chart review and text-mining (11 versus 11 months). As 
this study focused on the performance of our text-mining algorithm, a detailed analysis 
of factors contributing to this prolonged mPFS was not conducted. Factors that could 
contribute to PFS outcomes in mNSCLC patients treated with immunochemotherapy in 
clinical practice are described in more detail in our previous EE gap analysis. [17] Lastly, 
we only evaluated the performance of our algorithm in mNSCLC patients treated with 
pembrolizumab plus chemotherapy in the Netherlands. This limits the generalizability 
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of our findings to other patient populations, treatment regimens, and geographical 
locations.

Conclusion
In this study, an accurate text-mining algorithm for capturing disease progression in 
EHR data of patients with mNSCLC was developed. The algorithm was portable across 
different hospitals and the performance over time was good, making this an interesting 
approach for prospective follow-up of multicenter cohorts.

Funding
This study was supported by Roche Nederland BV.
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Supplementary

 
Figure S1. Flowchart to classify the presence and date of disease progression.
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Table S1. Dutch (key)words included and excluded in the initial- (1a), updated- (1b) and final- (1c) 
text-mining algorithm. New (key)words identified during development are highlighted in grey.

Dutch (key)words 
related to 
‘progressive 
disease’ used for 
the inclusion

Dutch (key)words not related to 
‘progressive disease’ used for the exclusion

Time window 
for data 
extraction

1.a. Initial 
text-mining 
algorithm

progressie
progresie
progressive disease
progressieve
progressief
progresief
prgressie
prgrssie
prgressief
prgressieve
progressi
progressive
tumorprogressie
ziekteprogressie
ziekteprogresie
recidief
residief
residieve
recidieve
ziekterecidief
tumorrecidief

dd progressie
dd toch progressie
dd tumorprogressie
dd ziekteprogressie
suspectie op progressie
geen aanwijzingen voor progressie
geen aanwijzingen voor recidief
geen aanwijzingen voor tumorrecidief
geen aanwijzingen voor ziekteprogressie
dd tumorrecidief
dd ziekterecidief
progressieve pijn
progressieve weerstandsoefeningen
progressie pijn
progressie dyspneu
progressieve productieve hoest
geen progressie
geen progressieve
geen prgressie
geen progresie
geen recidief
geen recidieve
recidief: allogene
progressie 8xR-CHOP
geen aanwijzingen voor lokaal recidief
indien er sprake is van progressie
geen aanwijzingen voor lokaal recidief
dd bij algehele achteruitgang bij tumorprogressie
zorgen om progressie
verdacht voor recidief
progressie van vermoeidheid
recidief uitval
recidief klachten
progressie van leverfunctiestoornissen
progressieve leverfunctiestoornissen
recidief trombose
recidief pancreatitis

After the 
start date of 
pembrolizumabw

3
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Table S1. Continued.

Dutch (key)words 
related to 
‘progressive 
disease’ used for 
the inclusion

Dutch (key)words not related to 
‘progressive disease’ used for the exclusion

Time window 
for data 
extraction

1.b. updated 
text-mining 
algorithm

progressie
progresie
progressive disease
progressieve
progressief
progresief
prgressie
prgrssie
prgressief
prgressieve
progressi
progressive
tumorprogressie
ziekteprogressie
ziekteprogresie
recidief
residief
residieve
recidieve
ziekterecidief
tumorrecidief

dd progressie
dd toch progressie
dd tumorprogressie
dd ziekteprogressie
suspectie op progressie
geen aanwijzingen voor progressie
geen aanwijzingen voor recidief
geen aanwijzingen voor tumorrecidief
geen aanwijzingen voor ziekteprogressie
dd tumorrecidief
dd ziekterecidief
progressieve pijn
progressieve weerstandsoefeningen
progressie pijn
progressie dyspneu
progressieve productieve hoest
geen progressie
geen progressieve
geen prgressie
geen progresie
geen recidief
geen recidieve
recidief: allogene
progressie 8xR-CHOP
geen aanwijzingen voor lokaal recidief
indien er sprake is van progressie
geen aanwijzingen voor lokaal recidief
dd bij algehele achteruitgang bij tumorprogressie
zorgen om progressie
verdacht voor recidief
progressie van vermoeidheid
recidief uitval
recidief klachten
progressie van leverfunctiestoornissen
progressieve leverfunctiestoornissen
recidief trombose
recidief pancreatitis
recidief infarct
reciverende cerebrale infarcten
recidief CVA
recidief iCVA
recidief hereninfarc
recidief onder ticagrelor
R-top-progressie

After the 
start date of 
pembrolizumab
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Table S1. Continued.

Dutch (key)words 
related to 
‘progressive 
disease’ used for 
the inclusion

Dutch (key)words not related to 
‘progressive disease’ used for the exclusion

Time window 
for data 
extraction

1.c. final 
text-mining 
query

progressie
progresie
progressive disease
progressieve
progressief
progresief
prgressie
prgrssie
prgressief
prgressieve
progressi
progressive
tumorprogressie
ziekteprogressie
ziekteprogresie
recidief
residief
residieve
recidieve
ziekterecidief
tumorrecidief
hersenmetastasen nu 
weer aan het groeien

dd progressie
dd toch progressie
dd tumorprogressie
dd ziekteprogressie
suspectie op progressie
geen aanwijzingen voor progressie
geen aanwijzingen voor recidief
geen aanwijzingen voor tumorrecidief
geen aanwijzingen voor ziekteprogressie
dd tumorrecidief
dd ziekterecidief
progressieve pijn
progressieve weerstandsoefeningen
progressie pijn
progressie dyspneu
progressieve productieve hoest
geen progressie
geen progressieve
geen prgressie
geen progresie
geen recidief
geen recidieve
recidief: allogene
progressie 8xR-CHOP
geen aanwijzingen voor lokaal recidief
indien er sprake is van progressie
geen aanwijzingen voor lokaal recidief
dd bij algehele achteruitgang bij tumorprogressie
zorgen om progressie
verdacht voor recidief
progressie van vermoeidheid
recidief uitval
recidief klachten
progressie van leverfunctiestoornissen
progressieve leverfunctiestoornissen
recidief trombose
recidief pancreatitis
recidief infarct
reciverende cerebrale infarcten
recidief CVA
recidief iCVA
recidief hereninfarc
recidief onder ticagrelor
R-top-progressie

After the 
start date of 
pembrolizumab
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Table S2. Classification matrix

Manual review Text-mining Classification

yes yes True positive (TP)

yes no False negative (FP)

no no True negative (TN)

no yes False positive (FP)

Table S3. Performance metrics

Recall/sensitivity =
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡	𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡	𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓	𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛	 	× 100% 
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Abstract
Survival outcomes observed in randomized controlled trials (RCTs) may not always be 
generalizable to clinical practice. Evaluating whether treatment outcomes in clinical 
practice are similar to those in RCTs shortly after a new medicine is introduced is 
important for making informed decisions. Therefore, we aimed to develop a Bayesian 
model that compares survival data from clinical practice that accumulates over time with 
static survival data from RCTs , thereby providing rapid and easily interpretable results 
that can inform clinical and policy-related decision-making. We developed a Bayesian 
survival model that sequentially updates estimates as new data become available. We 
designed the model to incorporate static RCT data with accumulating clinical practice 
data. We used sequential hypothesis testing with Bayes factors to assess the strength of 
the evidence for different hazard ratio (HR) thresholds (i.e., ranging from HR >1.0 to >2.0 
and HR <0.5 to <1.0). We applied the model to two datasets comprising survival data 
from clinical practice and an RCT for lung cancer patients treated with pembrolizumab 
plus chemotherapy (dataset 1) and pembrolizumab monotherapy (dataset 2). For 
dataset 1, the posterior model checks showed a misfit between the model and the data 
after 15 months, potentially due to channeling bias. The model fit should be improved 
before reliable estimates can be obtained. For dataset 2, the model estimated precise 
HRs 10 months before the end of data accumulation. Sequential hypothesis testing 
with Bayes factors provided easily interpretable results, with very strong evidence for 
an HR > 1.0 and strong evidence for an HR > 1.2. In conclusion, provided the posterior 
check shows an acceptable model fit, our Bayesian survival model with sequential 
hypothesis testing using Bayes factors can provide rapid and easily interpretable results 
for decision-making.



157

Bayesian approach to compare accumulatin time-to-event data 

Introduction
Randomized controlled trials (RCTs) are considered the gold standard for determining 
the efficacy of new medicines.1-3 However, outcomes observed in RCT populations may 
not always be generalizable to clinical practice. Patients treated in clinical practice may 
be older, less fit and have more comorbidities.4 In addition, treatments and follow-up 
procedures are often less standardized and consistent in clinical practice than in RCTs. 
Therefore, it is important to evaluate whether treatment outcomes in clinical practice 
are similar to those in RCTs shortly after a new medicine is introduced.

Whether effectiveness observed in clinical practice and efficacy observed in RCT 
are similar has often been investigated especially for oncology medicines. Survival 
outcomes such as overall survival and progression-free survival are typically worse 
in clinical practice than in RCT populations. For example, the survival of patients with 
metastatic NSCLC treated with systemic treatments in clinical practice was shown to 
be nearly 25% shorter than the survival observed in RCTs.4

A difference between a medicine’s efficacy (RCT) and effectiveness (clinical practice) 
is called an efficacy-effectiveness gap (EE gap).5 The direction and size of an EE gap 
can vary depending on the type of medicine, setting and patient characteristics. In 
cases where an EE gap indicates a clinically relevant difference, it may warrant further 
investigation and adjustments to treatment strategies.

Time-to-event data, such as survival data, are typically modeled with Cox proportional 
hazards (PH) regression to estimate the hazard ratio (HR). In studies assessing whether 
there is an EE gap, the HR represents the hazard of an event occurring in the clinical 
practice cohort divided by that in the RCT cohort, while assuming that the HR is 
constant over time. An HR  of 1 or close to 1 (e.g. an HR between 0.9 – 1.1) indicates 
similar outcomes for patients treated in clinical practice and those treated in an RCT, 
whereas an HR above this range indicates worse outcomes and an HR below this range 
indicates better outcomes for patients treated in clinical practice. However, estimating 
the appropriate sample size prior to a study is challenging due to variations in the type 
of medicine, setting and patient characteristics that may all influence whether treatment 
outcomes are similar or not. A too small sample size or too-short follow-up period may 
result in a lack of statistical power to detect clinically relevant differences between 
settings. Conversely, waiting until more patients have been treated or extending the 
follow-up period could incur unnecessary delays in investigating a potential EE gap.6

One potential solution is to compare accumulating clinical practice data repeatedly 
to RCT data. Bayesian survival models may offer a suitable approach for this type 
of repetitive evaluation because the Bayesian approach naturally allows sequential 

3
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updates to model parameters and estimates. Unlike the frequentist Cox PH regression 
models, Bayesian models are designed to incorporate prior information explicitly, such 
as data from similar treatments and patient populations.7-9 This Bayesian approach 
allows for the investigation of potential clinically relevant EE gaps as early as statistically 
justifiable, avoiding the a priori need for larger datasets or extended follow-up periods. 
Clinically relevant thresholds can be set to indicate that survival outcomes in clinical 
practice are worse or better than those reported in RCTs. Moreover, Bayesian models 
may allow a more intuitive interpretation of uncertainty than frequentist models, making 
it easier to assess and compare the confidence in estimates at different points in time.10 
This can support clinical and policy-related decision-making by indicating whether 
differences in survival outcomes between clinical practice and an RCT exist, enabling 
prompt adjustments to treatment strategies if needed.

Therefore, we aimed to develop a Bayesian survival model that compares survival 
data from clinical practice that accumulates over time with static survival data from 
RCTs, in order to investigate whether survival outcomes are similar or different thereby 
providing rapid and easily interpretable results that can inform for clinical and policy-
related decision-making.

Methods
In this section, we describe the key aspects of the development and application of our 
Bayesian survival model. Bayesian statistics fundamentally rely on Bayes’ theorem, 
which includes three main elements: the observed information in the data, prior 
information, and posterior distribution. First, we explain the model development by 
detailing the observed information in the data, prior information, and data assimilation 
(step 1). Second, we describe the posterior distribution (step 2). Third, we describe the 
model diagnostics we used to assess the performance of our model (step 3). Fourth, 
we explain how we used sequential hypothesis testing with Bayes Factors to evaluate 
potentially clinically relevant differences in survival outcomes (step 4), generating 
evidential strength in favor of one of the competing hypotheses. Fifth, we describe 
the prior sensitivity analyses used to assess the robustness of the estimates (step 
5). Finally, we describe the two datasets that we used to apply the Bayesian survival 
model in more detail.

We implement the Bayesian survival model in Python using the PyMC package 
version 5.16.1 and use the Bayesian Analysis Reporting Guidelines (BARG) to ensure 
comprehensive and transparent reporting.11 Full methodological details are available 
in the Supplementary Information, Files S1-S12.
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Step 1: Observed information in the data (likelihood), prior information 
and data assimilation
Observed information in the data (likelihood)
Our Bayesian survival model adopts key characteristics from Cox PH regression 
modeling. How these characteristics relate to Cox PH regression modeling is discussed 
in more detail in Supplementary File S1. The two primary model parameters of interest 
are the hazard rate and the baseline hazard, which are combined into a hazard function. 
Simil ar to Cox PH regression modeling, we assumed that the hazards are proportional 
and constant over time, and we accounted for right and non-informative censoring. 
While the baseline hazard does not need to be specified explicitly in Cox PH regression 
models, it must be defined in Bayesian models because of their fully parametric 
nature. Additionally, nuisance parameters for the baseline hazard should be explicitly 
defined in Bayesian survival modeling. These parameters and their distributions are 
important for constructing the likelihood function, which quantifies the probability 
of survival for the observed data. To model the baseline hazard, we used a Weibull 
distribution with two nuisance parameters  (scale) and  (shape) to model the baseline 
hazard.12-14 Additionally, we incorporated one covariate in our model, representing the 
setting (clinical practice or RCT). Detailed mathematical information can be found in 
Supplementary File S2 and a synthetic validation of our model using simulated data is 
described in Supplementary File S3.

Prior information
Next, we defined weakly informed priors for these three model parameters, to provide 
some guidance without being overly restrictive. We used a normal distribution for 
the log hazard rate with  and a , with a lognormal distribution for the 
scale parameter  with  and , and a uniform distribution for the shape 
parameter  (with  indicating the rate decreasing over time and ) indicating 
the rate increasing over time), with a range from 0.9 to 1.1. These prior distributions 
are plotted in Figure S1.

Data assimilation
The RCT and clinical practice cohorts and associated datasets are described in more 
detail below. We designed the Bayesian survival model to incorporate the data from the 
RCT cohort in a fixed manner while accumulating data from the clinical practice cohort 
over time as new patients are chronologically enrolled and their follow-up periods 
prolonged based on their treatment start and end dates. We updated the model at 
biweekly intervals, incorporating both newly enrolled patients and longer follow-up 
of already enrolled patients. Patients who were still a live by the end of follow-up were 
censored at the date of their last clinic visit, with the censoring date updated as the 
follow-up period was prolonged.

3
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Step 2: Posterior distribution
We used Monte Carlo Markov chain (MCMC) simulations to estimate the posterior 
probability distributions (Supplementary File S2 and S4). To present the results in an 
easily interpretable manner, we estimated the HRs over time and their corresponding 
50%, 75%, 90%, 95%, and 97.5% credible intervals, which were derived from the 
posterior distribution. The Bayesian credible intervals provide an easily interpretable 
result, as they express the probability of a parameter falling within a specific range: 
a 95% credible interval reflects a 95% probability that the true value lies within that 
interval based on the accumulated data at a specific point in time.

Step 3: Model diagnostics
Kaplan-Meier curves were constructed to visualize the data and to check whether the 
HRs are proportional and constant over time. Prior predictive checks were performed to 
evaluate the suitability of the chosen priors, ensuring alignment with data distributions 
before model fitting (Supplementary File S5). After applying the model, posterior 
predictive checks were used to assess the model fit, comparing model-generated data 
with the observed data (Supplementary File S6). Good model fits are necessary to 
obtain reliable estimates.

Step 4: Bayesian hypothesis testing
To determine whether any observed differences in survival outcomes between patients 
treated in clinical practice and those in the RCT were clinically relevant, evidence for 
clinically relevant HR thresholds was calculated at each model update. HR thresholds 
from >1.0 to >2.0 were used to indicate worse survival outcomes (i.e., higher risk of 
death) in clinical practice compared to the RCT, while thresholds from <0.50 to <1.00 
were used to indicate better survival outcomes (i.e., lower risk of death).

However, repeated evaluations can lead to multiple testing issues, increasing the 
likelihood of false positive conclusions. To mitigate this issue, we used the Bayes 
factor that quantifies the strength of the evidence provided by the data for the null 
hypothesis H0  compared to the evidence for the alternative hypothesis H1 . A Bayes 
factor of 1 signifies inconclusive evidence for H1 , a Bayes factor between 1 and 3 
indicates anecdotal evidence for H1 , a Bayes factor between 3 and 10 suggests moderate 
evidence for H1 , a Bayes factor between 10 and 30 indicates strong evidence for H1 , 
and a Bayes factor greater than 30 represents very strong evidence for H1.

15 The Bayes 
factor is updated as new data are available, providing insight into which hypothesis 
(H0 or H1) is better supported by the evidence for every updated model.15 To provide 
interpretable results at each model update, the Bayes factors with the different levels 
of evidence were plotted for all competing hypotheses testing different HR thresholds. 
For hypotheses that consistently reached very strong evidence in consecutive model 
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updates, the graph was limited to this level. Details on Bayes factor hypothesis testing 
are reported in Supplementary File S7.

Step 5: Prior sensitivity analysis
To evaluate the robustness of the estimates, sensitivity analyses with different priors 
and a different baseline hazard were conducted (Supplementary File S8 and S9). For 
the baseline hazard parameterization, a Gompertz distribution (instead of a Weibull 
distribution) was used.

Application of the Bayesian survival model to two datasets
To evaluate the performance of the Bayesian survival model in multiple settings, 
the model was applied to two datasets of patients with metastatic NSCLC (mNSCLC) 
treated with either pembrolizumab plus chemotherapy (dataset 1) or pembrolizumab 
monotherapy (dataset 2). These datasets were readily available and therefore suitable 
to evaluate the performance of the model.

Design and setting of dataset 1: Pembrolizumab plus chemotherapy
The first dataset contains survival data from two cohorts of patients with mNSCLC 
who were treated with first-line pembrolizumab plus chemotherapy: one derived 
from the phase III KEYNOTE-189 RCT (n = 410)16, with survival data reconstructed 
with the algorithm of Guyot et al. 17, and one clinical practice cohort (n = 512) derived 
from electronic health records from the same seven non-university Dutch teaching 
hospitals of the Santeon Group. The RCT included patients treated and followed-up 
between February 2016 and March 2017, with a median follow-up of 10.5 months. The 
clinical practice cohort included patients treated and followed up between January 
2019 and December 2021, with a median follow-up of 15.5 months. Previous research 
from Verschueren et al. (2024) demonstrated that the survival outcomes for patients 
treated in the clinical practice cohort were worse than the survival outcomes for 
patients treated in the RCT, as assessed with Cox PH regression modeling (HR 1.50; 95% 
confidence interval 1.26 – 1.79).18 The distribution of patient and disease characteristics 
over time is described in Supplementary File S10 Table S3. More details regarding the 
clinical practice cohort and data analysis can be found in their publication.

Design and setting of dataset 2: Pembrolizumab monotherapy
The second dataset contains survival data from two cohorts of patients with mNSCLC 
who were treated with first-line pembrolizumab: one derived from the phase III 
KEYNOTE-024 RCT (n = 154)19 and one clinical practice cohort (n = 83) derived from 
electronic health records from seven non-university Dutch teaching hospitals (Santeon 
Group). We used the algorithm developed by Guyot et al. to reconstruct survival data 
from the Kaplan-Meier curves of the RCT.17 The RCT included patients treated and 
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followed-up between September 2014 and October 2015, with a median follow-up 
of 11.2 months. The clinical practice cohort included patients treated and followed 
up between January 2015 and January 2019, with a median follow-up of 15.5 months. 
Previous research from Cramer et al. (2021) demonstrated that the survival outcomes for 
patients treated in the clinical practice cohort were worse than the survival outcomes 
for patients treated in the RCT, as assessed with Cox PH regression modeling (HR 
1.55; 95% confidence interval 1.07 – 2.25).20 The distribution of patient and disease 
characteristics over time is described in Supplementary File S10 Table S4. More details 
regarding the clinical practice cohort and data analysis can be found in their publication.

Results

Dataset 1: Survival outcomes associated with pembrolizumab plus 
chemotherapy
Kaplan-Meier curves
The Kaplan-Meier curves of overall survival outcomes associated with pembrolizumab 
plus chemotherapy for the RCT cohort and the complete clinical practice dataset (i.e., 
comprising of all patients and complete follow-up) are presented in Figure 1.

Figure 1. Kaplan-Meier curves of overall survival outcomes for patients treated with pembroli-
zumab plus chemotherapy in clinical practice versus the KEYNOTE-189 RCT.

Model diagnostics
The MCMC procedure demonstrated good convergence and resolution, as detailed in 
Table S1 and Figure S3. Figure S5 shows that the predictive prior checks demonstrated 
good alignment between the prior and the observed data, indicating that the chosen 
priors are appropriate. Figure S7a-j provide a visualization of the model fit at subsequent 
time intervals, through posterior predictive checks. Initially there was a good overlap 
between the data and the posterior, indicating a good model fit. However, after 15 
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weeks of data accumulation, there was a consistent mismatch between the data and 
the posterior model fit, suggesting that the model may be unable to capture certain 
complexities in the data over time. This indicates that the model should be improved 
(for example, through including additional covariates) before reliable estimates can be 
obtained and any meaningful conclusions can be drawn

Posterior distribution
Figure 2a shows the HR estimates for each consecutive model with credible intervals 
from 50% to 97.5%. Initially, in the first 15 months of data accumulation, the HR 
estimates fluctuated but showed an overall upward trend towards 2.20, indicating 
worse survival outcomes for patients treated in clinical practice compared to those 
treated in the RCT. As more data accumulated (i.e., more patients and longer follow-up), 
HR estimates decreased and reached a plateau at around 1.5 after approximately 35 
months. When all data were included, the HR was 1.54 (95% credible interval 1.33 – 1.78) 
(Supplementary File S11, Table S5).

Bayesian hypothesis testing
Figure 2b shows the of the Bayes Factor over time for different competing hypotheses, 
evaluating whether the observed HR falls above certain thresholds (ranging from HR 
>1.00 to >2.00) or below certain thresholds (ranging from HR <1.00 to <0.50). In the 
first 5 months data accumulation, there was strong to very strong evidence that the 
observed HR is above 1, indicating worse survival outcomes in clinical practice. At 15 
months of data accumulation, there was very strong evidence that the observed HR is 
above 2. After 15 months of data accumulation, the strength of evidence for observing 
HRs above 2 decreased and when all data were included, there was strong evidence that 
the observed HR was above 1.0 and below 2.0, indicating that the survival of patients 
treated in clinical practice was worse than the survival for those treated in RCTs.

Prior sensitivity analyses
The prior sensitivity analysis, detailed in Supplementary File S8 Figures S12 and 
S13 demonstrated that variations in the range of priors did not impact the results, 
confirming the robustness of the chosen prior. Similarly, the application of a different 
baseline hazard parameterization (using a Gompertz instead of a Weibull baseline 
hazard) did not affect the results, confirming robustness against baseline hazard 
parameterization (Supplementary File S9).

Dataset 2: Survival outcomes associated with pembrolizumab monotherapy
The results of the Bayesian survival model for dataset 2 are reported in Supplementary 
File S12. All model diagnostics were good, with posterior checks demonstrating a good 
fit between the model and observed data. After about 20 months of data accumulation, 
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the model estimated precise HRs (Figure S20). When all data were included, the HR was 
1.49 (95% credible interval 1.11 – 1.98) (Supplementary File S11, Table S6), indicating 
worse survival outcomes for patients treated in clinical practice than those treated in 
the RCT.

Figure 2. Hazard Ratio (HR) represents the hazard of a survival event occurring in the clinical 
practice cohort divided by that in the RCT cohort for patients treated with pembrolizumab plus 
chemotherapy A) HR distribution over time with 50%, 75%, 95% and 97.5% credible intervals. 
B) The Bayes factor for competing hypotheses testing different HR thresholds for each model 
update. The grey circle indicates the point at which there is very strong evidence for either H1 or 
H0 for every further updated model.
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Discussion
We aimed to develop a Bayesian survival model that compares survival data from clinical 
practice that accumulates over time with static survival data from RCTs to investigate 
whether survival outcomes are similar, thereby providing rapid and easily interpretable 
results that can inform clinical and policy-related decision-making. Using two datasets 
comprising survival data from clinical practice and an RCT, we demonstrated that 
our Bayesian survival model enabled efficient comparisons of survival outcomes. 
For dataset 2, the model estimated precise HRs using part of the available data from 
clinical practice. The HR at the end of data accumulation was 1.49 for pembrolizumab 
monotherapy, indicating worse survival outcomes for patients treated in clinical practice 
than for those treated in the RCTs. In addition, these obtained estimates were equivalent 
to the ones obtained by traditional Cox PH regression modelling.18 Furthermore, we 
demonstrated that sequential hypothesis testing with Bayes factors can be used for 
efficient and easily interpretable for results that can inform clinical and policy-related 
decision-making, with very strong evidence for the HR being > 1.0 and strong evidence 
for HR being > 1.2 before the end of data accumulation. For dataset 1, the posterior 
model checks showed a misfit between the model and the data after approximately 
15 months, indicating that the data generation process was not well captured by the 
model. Thus, the model fit should be improved before reliable estimates of this dataset 
can be obtained. In dataset 1, we observed that the HR initially exceeded 2 in the first 
15 months before decreasing to 1.54 by the end of data accumulation, suggesting 
worse survival outcomes for patients who started pembrolizumab plus chemotherapy 
shortly after it became available in clinical practice. Th is trend may reflect ‘channeling’ of 
novel treatments in clinical practice, where initially treated patients experience poorer 
outcomes due to use in more advanced disease or less optimized conditions. Over time, 
as protocols improve and clinicians gain experience, outcomes tend to improve.21 To 
explore this phenomenon, another variable should be added to the model that explicitly 
captures the effect of treatment timing by linking the date of treatment initiation 
to its first availability. Importantly, this trend did not appear in the pembrolizumab 
monotherapy dataset, probably because patients receiving monotherapy in clinical 
practice represented a more homogenous population. As the first available first-
line immunotherapy, pembrolizumab monotherapy was probably administered with 
more caution, leading to stricter patient selection than for pembrolizumab plus 
chemotherapy. Such variation in the data between the two datasets highlights the 
importance of rigorously monitoring posterior checks in Bayesian modelling, since 
these checks help to identify the model’s limitations in capturing certain complexities in 
the data over time. Furthermore, further model developments are needed to improve 
the model fit in dataset 1, such as incorporating a variable that reflects the timing of 
treatment initiation relative to its availability.
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Provided a good model fit – as with all models for statistical analysis – the Bayesian 
survival model developed in this study offers two key advantages: i) it facilitates earlier 
insights into potential differences in survival outcomes between accumulating clinical 
practice data and static RCT data, and ii) it facilitates easy interpretation of results to 
support clinical and policy-related decision-making. First, the model provided precise 
HR estimates for differences in survival outcomes between clinical practice and the RCT 
before including all data, indicating its potential to facilitate insights as early as statistically 
justifiable. Precise HR estimates were achieved approximately 10 months before the end 
of data accumulation (total 30 months) in dataset 2. As far as we are aware, no studies 
have applied a Bayesian approach for this specific context. In one study, a Bayesian 
survival model was developed for a post hoc analysis of two clinical trials with overall 
survival as the endpoint. The authors demonstrated that sequential Bayesian analyses 
provided earlier insights into treatment effects than frequentist Cox PH regression, with 
precise estimates available six months before the trial’s data lock point.22

The second key advantage of the developed Bayesian approach is that it provides 
easily interpretable results to support clinical and policy-related decision-making. The 
model could generate early signals for treatment strategies that may be more or less 
effective in clinical practice than pre-specified HR thresholds specific to the type of 
medicine and clinical setting. For example, when the model shows a good posterior fit 
and there is very strong evidence that survival in clinical practice is substantially worse 
than in the trial (e.g. HR > 2), this could trigger further investigation into underlying 
causes and inform adjustments to treatment strategies. Currently, our Bayesian model 
incorporates only one variable (clinical practice versus RCT), providing HR estimates 
for the overall patient population rather than for specific subgroups. Ideally, additional 
variables, such as patient, disease, treatment, and setting variables, could be added to 
the model to provide direct insights for specific subgroups of patients. Adding other 
variables could also provide insights into how differences between clinical practice 
and RCT populations impact the observed HR estimates, as patients in clinical practice 
are often older, less fit, and more comorbid, with less standardized treatments and 
follow-up procedures. Al though the model’s explicit structure allows for this flexibility, 
the unavailability of individual patient data from RCTs limits the incorporation of such 
detailed characteristics for the current datasets. To  still gain insight into the potential 
impact of patient and disease characteristics within the clinical practice population, we 
examined their distribution over time (Supplementary File S10 Tables S3 and S4). The 
distributions remained relatively stable, suggesting that changes in these characteristics 
are unlikely to explain the observed variation in HR over time.

In this study, the model has been applied to two datasets with different oncological 
treatments, investigating whether survival outcomes are similar for patients treated 
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in clinical practice and those in RCTs. Beyond this application, the model can evaluate 
other time-to-event outcomes, such as time-to-treatment failure or time-to-next 
treatment, across various treatments and populations. Additionally, the model can 
compare time-to-event outcomes between two treatment strategies within clinical 
practice, offering valuable insights when head-to-head RCT data are unavailable. 
However, this requires further developments to the model to allow the incorporation 
of patients, disease and treatment variables.

De spite its advantages, our Bayesian survival model has several limitations. First, the 
use of a simple model with one covariate limited our ability to explore the impact of 
other covariates on the observed survival outcomes. However, as the study’s primary 
focus was to design a proof-of-concept Bayesian framework to evaluate its feasibility 
and potential value in comparative effectiveness studies, a simple model was chosen 
to keep modeling concise and easily reproducible. However, it did not always provide 
an optimal fit, suggesting that other covariates may need to be screened for relevance 
and incorporated into the model to better fit the data. Additionally, the high level of 
censoring toward the end of the dataset suggests that parametric models may be less 
suitable, underscoring the need to investigate more flexible approaches, such as semi-
parametric and non-parametric models.

Conclusion
We developed a Bayesian survival model that compares survival data from clinical 
practice that accumulates over time with static survival data from RCTs to investigate 
whether survival outcomes are similar or different. Provided the posterior check shows 
an acceptable model fit, we demonstrated that sequential hypothesis testing with 
Bayes factors could be used to allow an accelerated route for informing clinical and 
policy-related decision-making. This approach provides a statistically sound method 
for stopping and inferring parameter estimates at the earliest possible time point (i.e., 
in contrast to the more traditional Cox modeling approach, where this is not possible 
because of practical and statistical concerns). The proposed visualizations allow for 
direct model interpretation by analyzing model fit and posterior confidence intervals 
around inferred parameter values. However, further developments to the model are 
needed to improve its ability to capture complexities in the data over time, such as 
incorporating a variable that captures the timing of treatment initiation relative to its 
availability. Additionally, incorporating patient, disease, and treatment characteristics 
into the model will facilitate investigating their impact on the observed survival 
outcomes.
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S1. Cox proportional hazard regression modeling
The Cox Proportional Hazards (PH) model is a widely used method to analyze time-to-
event data, such as survival data, which measures the time until an event such as death. 
The Cox regression model is based on the hazard function and can be mathematically 
written as follows:

. (1)

The hazard function  is the probability density that an event will occurring at 
time  , conditional on survival up until time , given a set of  covariates  . The 
baseline hazard, , represents the common hazard shared by all samples modified 
only by the covariates  and regression coefficients . By exponentiating the regression 
coefficients  the hazard ratio  can be obtained,

for covariate  and with regression coefficient . It quantifies how each covariate 
influences the risk relative to the baseline. In our analysis, we incorporated only a single 
covariate   representing the cohort type (observational vs RCT).

Semi-parametric
The Cox PH is considered a semi-parametric model because it combines parametric 
and non-parametric components. The parametric component, represented by the 
regression coefficients  estimates the effect of covariates on the 
risk of an event. Meanwhile, in the Cox PH analysis the baseline hazard  does not 
need to be explicitly specified and is therefore non-parametric, providing generality 
and avoiding the necessity to assume a specific distribution for the timing of an event 
in the baseline model. This combination allows the model to adapt to complex data 
without making strong assumptions about the underlying risk pattern.

Censoring
In most studies, not all patients experience the event within the study period, resulting 
in censored data where the exact event time is unknown. Right censoring is the most 
common form of censoring, occurring when the event not yet happened by the end 
of the follow-up period. Besides, censoring is often assumed to be non-informative, 
meaning that the reason for an individual being censored is unrelated to their risk of 
the event.
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Proportional Hazard
The Cox PH model, as exemplified by the constant-in-time coefficients  in Eqn. 1, relies 
on the proportional hazards assumption, meaning the hazard ratio between groups 
remains constant over time. In other words, the relative risk between two groups with 
different covariates is assumed to be the same at any point during the study period.

S2. Bayesian survival estimation / model specifications
Bayesian analysis requires a parameterized likelihood function that describes the 
distribution of the observed quantity of interest, in our case the time-to-event . We 
start by defining a distribution of time-to-event , for a given set of observed 
events. Our model parameters  specify the time-to-event distribution for which good 
(generative) models exist and we will keep them general for now. In survival analysis, it 
is convenient to express the time-to-event distribution in terms of the survival function 

 and the hazard rate , where

and from which it follows that

.

Stating the time-to-event distribution in this way helps simplifying our analysis when 
subjects for which an event has not yet happened need to be included in the likelihood 
function.

The complete likelihood for observing a set of times  with  for 
observing an event at time  or  for the absence of an event (survival) up until  
then becomes:

which is the (baseline) likelihood function for survival we use for our modelling.

In our analysis, we are interested in the difference of survival probability between 
two sets of subjects, reference versus real world. Continuing, we will make a further 
assumption of constant proportional hazards (reiterating from Section S1):

,
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where the hazard rate of one set is constant proportional to the other by a factor

,

with HR the hazard ratio and  it’s logarithm.  means an accelerated time-to-event 
distribution,  means a slowing of time-to-event distribution. In this instance,  
is termed the baseline hazard and it is the hazard function for the reference set ( )  
and  is the hazard function for the real-world set ( ). Note that with the 
proportional hazards assumption, the time-to-event distribution for each set is still 
a proper distribution, as long as  for . Generalizing Eqn. 2, the combined 
likelihood function for proportional hazards modelling then becomes:

Fundamentally, we are interested in the parameter , which quantifies the difference 
in survival between the two sets of subjects. The other parameters that define our 
baseline hazard  are not of direct interest to us and are our nuisance parameters.

In the Cox’s proportional hazard’s framework, the maximum-likelihood estimator can be 
evaluated such that the resulting value for  becomes independent of the parameters 

 and hence need to be specified. However, in our Bayesian modelling, we do not have 
this option and need to explicitly define these parameters. Here, we take the time-to-
event distribution to be of from the Weibull parametric family:

with corresponding hazard function:

The Weibull distribution is more flexible compared to the canonical exponential 
distribution .  controls the scale of the distribution (similar to  in the exponential 
distribution) and  controls the increase ( ) or decrease ( ) of the hazard as 
subjects survive to later times. For  we recover the exponential distribution. The 
modeling as outlined here is general and any valid time-to-event distribution can be 
chosen, including more strongly parameterized versions where  consists for 
example of a set of restricted cubic-splines.
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In all our modeling, the logarithm of Eqn. 3 is used to model the data, where the 
likelihood now depends on three explicit parameters:  and we are interested 
in the posterior distribution of : .

The priors for the various parameters  and  are defined as follows in our modelling:

·	  is taken from a uniform distribution with support .
·	  is taken from a LogNormal distribution, with parameters  to reflect 

the support on .
·	  is taken as a Normal distribution with . Note that this implies an HR 

is log-normally distributed.

We have chosen these priors to include a reasonably wide range of models (see prior 
predictive checks) that data could have been generated by. The prior distributions for 

, , and  are plotted in Figure S1.

Figure S1: Priors used for parameters in modelling, see text for details. A: , B: , and C: 

We have performed prior-sensitivity tests to ensure our conclusions are not overly 
sensitive to our choice the prior distributions. The estimation of the parameters  
are insensitive to our choice of prior, as they are already from the first time point heavily 
influenced by all the data from the (large) reference set. In case this set is also built up 
as time develops, the choice of prior for these parameters can be more influential to 
the results.
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S3. Bayesian survival model applied to synthetic data
To validate the Bayesian survival model, we applied the model to synthetically generated 
survival data. We used the following generative model to create the data:

for every observable , with parameters ,  and 
 ( , and consistent with the Cox Proportional Hazard 

assumption for an exponential baseline hazard). The independent exponential chosen 
to generate censored time values approximates a censoring process that consists of 
the amalgamation of processes that determine whether a subject will drop out from 
the synthetic study. For each reference sample, an event time , and a censoring 
time  is drawn, akin to the experimental setup under study in this work (  
for all samples) and only a reference time  is drawn for the test arm. Between 

 and , the smallest value is chosen, per simulated sample. The sample is then 
assigned to the proper class, event or censored, mirroring a natural process where 
the censoring process competes with the survival process under study. The relative 
probability of a data sample being drawn from either the event distribution  or the 
censoring distribution  is thus implicitly determined and not strictly controlled. In 
this configuration, about 50% of the subject are censored.

After drawing 100 samples from this model, we applied our Bayesian survival model 
using an exponential baseline hazard rate to infer the proper baseline hazard  and 
proportional hazard , using a prior LogNormal distribution over , with parameters 

 and the prior for  a Normal distribution with . As is clear from 
the results shown in Fig. S2 below, the model infers the correct values for  and . We 
have added this simple dataset to the source code repository of our Bayesian model.

Figure S2: Posteriors for synthetic dataset. A: , B: . The parameters are correctly inferred 
by the model c.f. , c.f. .

3
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S4. Posterior MCMC diagnostics
The pymc MCMC sampler was set up using, 4 chains of 5000 samples, a warm-up length 
of 6000 samples, and an acceptance rate of 0.9. A single posterior MCMC optimization 
of the posteriors would take approximately 0.5 min for both dataset 1 and dataset 2 
(single chain, single 2.3GHz Intel CPU (Intel MacBook Pro 2020)).

For all posterior fits, the chains demonstrated excellent convergence with inter-to-intra 
chain variability abs(rhat - 1) < 0.001 and effective number of samples (ess) > 5500 for 
all parameters , , and . Table S1 and S2 show the effective number of samples for 
each parameter, per MCMC run. The figure S3 and S4 shows a typical set of traces 
for all chains of the MCMC solution on the posteriors for all parameters for dataset 1 
(Figure S3) and dataset 2 (Figure S4). The absence of drift in the chains as the number 
of drawn samples progresses and the agreement between the chains indicate excellent 
convergence.

At every time point of evaluation, when new data have come available, we have rerun 
the complete MCMC posterior calculation starting from the prior distribution and 
including all data available up until that point, rather than using the posterior from 
the previous timepoint and updating it with only the new data. However, in a Bayesian 
setting, these two approaches are similar up to MCMC sampling error.
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Table S1. effective samples (ess) per MCMC run and inter-to-intra chain variability (r-hat) for 
dataset 1.

T ESS_B ESS_K ESS_BETA RHAT_B RHAT_K RHAT_BETA

1 7565.796 7480.536 10196.349 1.000 1.000 1.000

1.5 7394.666 7597.070 10206.295 1.000 1.000 1.000

2 7476.803 7376.973 10772.897 1.000 1.001 1.000

2.5 7621.060 7664.517 9529.799 1.000 1.001 1.000

3 8102.871 7979.867 10224.610 1.000 1.000 1.000

3.5 8204.111 8162.187 10023.622 1.000 1.000 1.000

4 8752.948 8851.309 10136.079 1.001 1.001 1.000

4.5 7023.677 6880.936 9385.681 1.000 1.000 1.001

5 6873.145 6880.853 9826.018 1.000 1.000 1.000

5.5 7326.588 7325.889 8790.643 1.001 1.000 1.000

6 6872.818 6893.629 9719.481 1.000 1.000 1.000

6.5 6982.499 7024.829 8808.045 1.000 1.000 1.000

7 7524.579 7554.512 8228.358 1.001 1.001 1.001

7.5 7097.302 7116.485 8801.326 1.000 1.000 1.000

8 6614.765 6800.607 8837.995 1.000 1.000 1.000

8.5 7522.511 7625.203 8804.207 1.001 1.001 1.000

9 7389.140 7554.582 8363.300 1.001 1.001 1.001

9.5 7339.292 7441.921 8002.261 1.000 1.000 1.000

10 6026.702 6113.212 8315.664 1.001 1.001 1.000

10.5 5996.768 6125.984 8420.336 1.001 1.001 1.001

11 6426.333 6553.721 7363.560 1.000 1.000 1.000

11.5 6334.405 6417.945 7127.455 1.001 1.001 1.000

12 6151.495 6216.021 7525.287 1.001 1.001 1.001

12.5 6479.212 6681.981 7388.955 1.000 1.000 1.000

13 6010.072 6367.218 7209.013 1.000 1.000 1.000

13.5 5959.008 6316.286 6976.178 1.001 1.001 1.001

14 6805.649 7072.552 7234.893 1.000 1.000 1.001

14.5 7221.343 7542.397 7835.050 1.001 1.001 1.001

15 6188.850 6478.072 7268.782 1.001 1.001 1.001

15.5 6412.511 6560.610 7792.380 1.002 1.002 1.001

16 6181.078 6517.821 7748.258 1.001 1.001 1.000

16.5 5956.285 6308.017 6990.152 1.001 1.001 1.000

17 6373.086 6722.937 7823.779 1.001 1.001 1.001

17.5 5761.054 5839.300 8327.538 1.000 1.001 1.000

18 6557.457 6756.855 7948.428 1.001 1.001 1.000

18.5 6056.646 6004.620 6986.261 1.001 1.001 1.000

19 6570.613 6742.065 7726.927 1.000 1.001 1.000

3
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Table S1. Continued.

T ESS_B ESS_K ESS_BETA RHAT_B RHAT_K RHAT_BETA

19.5 6671.466 6956.651 8007.651 1.000 1.000 1.000

20 7120.439 7416.474 7534.766 1.000 1.000 1.001

20.5 6597.914 6876.292 7704.385 1.000 1.000 1.000

21 6140.314 6502.693 7518.814 1.001 1.001 1.000

21.5 6069.262 6359.112 7475.389 1.001 1.001 1.001

22 6438.490 6556.801 8446.919 1.001 1.001 1.001

22.5 6617.772 6567.010 8120.425 1.000 1.000 1.000

23 6720.428 7046.241 7882.419 1.001 1.001 1.000

23.5 6234.148 6566.225 7683.184 1.000 1.001 1.000

24 6766.989 7071.521 8140.774 1.001 1.000 1.000

24.5 6031.678 6207.259 8029.286 1.000 1.000 1.001

25 5890.908 6094.922 8322.240 1.000 1.000 1.000

25.5 7138.341 7196.569 8694.102 1.001 1.000 1.000

26 6311.400 6697.248 8153.973 1.001 1.000 1.000

26.5 7226.028 7593.112 8597.330 1.001 1.001 1.000

27 5742.691 6046.454 7443.544 1.001 1.001 1.000

27.5 6875.656 7377.381 8326.725 1.000 1.000 1.000

28 6358.361 6730.277 7757.103 1.001 1.000 1.000

28.5 6302.896 6983.513 7680.664 1.000 1.000 1.001

29 6440.024 6928.280 8089.078 1.000 1.000 1.001

29.5 6681.213 7044.400 8304.672 1.001 1.001 1.001

30 7638.401 8084.144 8461.265 1.000 1.000 1.000

30.5 6786.306 7211.516 8064.901 1.000 1.000 1.000

31 7089.433 7396.837 7548.310 1.001 1.000 1.000

31.5 7083.359 7324.931 8455.707 1.000 1.000 1.000

32 6771.812 7178.189 8198.438 1.001 1.001 1.000

32.5 6108.976 6584.236 7907.865 1.001 1.001 1.001

33 7399.232 7676.615 9218.894 1.000 1.000 1.000

33.5 6634.854 7031.417 8146.025 1.001 1.001 1.001

34 6335.861 6766.154 8033.736 1.001 1.001 1.000

34.5 7353.552 7872.624 8227.362 1.000 1.000 1.000

35 6955.490 7245.490 8426.351 1.000 1.000 1.000

35.5 6222.710 6669.901 8468.150 1.000 1.000 1.001

36 6890.845 7137.179 8557.841 1.000 1.000 1.001

36.5 6654.836 7057.359 8310.517 1.001 1.001 1.000

37 6543.993 6743.802 9025.348 1.001 1.001 1.000

37.5 6702.435 7142.315 8319.555 1.001 1.000 1.001

38 6645.793 7008.216 8113.259 1.001 1.000 1.000
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Table S1. Continued.

T ESS_B ESS_K ESS_BETA RHAT_B RHAT_K RHAT_BETA

38.5 6796.773 7177.277 8220.345 1.001 1.000 1.001

39 6673.952 7269.500 7957.445 1.000 1.000 1.000

39.5 7189.971 7595.818 9179.917 1.001 1.000 1.000

40 6960.847 7300.348 8301.402 1.001 1.001 1.001

40.5 6283.693 6796.706 8337.499 1.001 1.000 1.000

41 6334.968 6578.484 8621.104 1.000 1.000 1.000

41.5 6386.011 6729.294 8847.848 1.000 1.000 1.000

42 7350.646 7977.102 7968.636 1.001 1.000 1.001

42.5 6915.257 7259.648 8665.718 1.001 1.000 1.000

43 6585.701 7515.628 8484.134 1.000 1.000 1.000

43.5 6325.064 6809.310 8605.331 1.000 1.000 1.001

44 7199.194 7614.194 8717.326 1.001 1.000 1.000

44.5 6825.473 7083.190 8919.228 1.000 1.000 1.001

45 7722.821 7985.734 8949.496 1.000 1.000 1.000

45.5 7503.021 8201.712 8025.572 1.000 1.000 1.000

46 6593.713 7277.000 8868.172 1.000 1.000 1.000

46.5 7055.226 7637.006 7931.607 1.000 1.000 1.001

47 7067.795 7549.208 8518.981 1.000 1.000 1.000

47.5 6777.020 7342.591 8503.309 1.000 1.000 1.000

48 7971.619 8338.347 8750.097 1.000 1.000 1.000

48.5 7341.767 7971.602 8785.617 1.000 1.000 1.001

49 7341.767 7971.602 8785.617 1.000 1.000 1.001

49.5 7341.767 7971.602 8785.617 1.000 1.000 1.001

50 7341.767 7971.602 8785.617 1.000 1.000 1.001

3
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Figure S3: Example of MCMC convergence of chains (6000 warm-up + 4 chains of 5000 
samples) for dataset 1 at T=22 months. The kernel-density plot for each chain for each param-
eter is plotted on the left-hand of the figure, the samples as they are drawn from the sampler in 
time are shown on the right. The absence of drift (left) and agreement between the kernel-density 
plots on the posteriors (right) for each sample and chain indicate good convergence.
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Table S2. effective samples (ess) per MCMC run and inter-to-intra chain variability (r-hat) for 
dataset 2.

T ESS_B ESS_K ESS_BETA RHAT_B RHAT_K RHAT_BETA

1 8083.523 7972.556 10746.032 1.000 1.000 1.001

1.5 7823.346 7596.797 10533.612 1.000 1.000 1.000

2 7786.460 7688.818 10447.288 1.001 1.001 1.001

2.5 7870.122 7896.283 10260.419 1.000 1.000 1.001

3 6910.747 6912.016 10022.010 1.001 1.001 1.000

3.5 7197.176 7143.812 9512.787 1.001 1.001 1.000

4 6753.870 6537.132 11246.688 1.000 1.001 1.000

4.5 7303.096 7222.573 10150.853 1.001 1.001 1.000

5 6719.080 6859.570 10323.368 1.000 1.000 1.000

5.5 6947.894 6713.617 10532.862 1.000 1.000 1.000

6 7097.473 7058.722 11014.704 1.000 1.001 1.000

6.5 7966.885 7860.419 8937.987 1.000 1.000 1.000

7 7628.681 7525.762 9711.456 1.001 1.000 1.000

7.5 6486.383 6489.513 9531.953 1.001 1.001 1.000

8 8066.181 8197.518 9468.216 1.001 1.001 1.001

8.5 7370.456 7343.084 9263.877 1.001 1.000 1.000

9 6501.705 6623.510 9418.344 1.000 1.000 1.000

9.5 7965.230 7965.257 9891.900 1.001 1.001 1.001

10 6399.765 6446.942 9329.065 1.001 1.000 1.000

10.5 6981.500 7072.846 9735.262 1.000 1.000 1.000

11 7499.797 7689.796 8626.474 1.000 1.001 1.001

11.5 6617.425 6623.685 9076.428 1.001 1.001 1.001

12 6595.352 6736.690 8746.684 1.000 1.000 1.000

12.5 5478.191 5811.496 9333.600 1.000 1.001 1.000

13 6299.195 6449.544 9083.873 1.000 1.000 1.000

13.5 6830.154 6679.192 8781.348 1.001 1.001 1.001

14 6964.695 7169.103 8154.403 1.000 1.000 1.001

14.5 6843.042 6982.227 8249.098 1.000 1.000 1.001

15 5706.426 5794.868 8906.072 1.001 1.001 1.001

15.5 6603.253 6918.820 8608.695 1.001 1.001 1.000

16 6321.597 6679.037 8467.141 1.001 1.000 1.001

16.5 6462.948 6534.813 8861.702 1.001 1.000 1.001

17 6381.808 6587.491 8652.296 1.000 1.000 1.000

17.5 6886.390 7104.169 8539.432 1.000 1.000 1.000

18 6145.415 6739.088 8826.982 1.001 1.001 1.000

18.5 6581.353 6674.725 9230.157 1.001 1.000 1.000

19 6062.297 6260.975 8448.790 1.001 1.000 1.000

3
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Table S2: Continued.

T ESS_B ESS_K ESS_BETA RHAT_B RHAT_K RHAT_BETA

19.5 6211.982 6497.891 7941.316 1.001 1.001 1.000

20 7328.317 7470.276 8835.332 1.000 1.000 1.000

20.5 7265.093 7683.219 8722.013 1.001 1.000 1.001

21 6311.527 6680.668 8181.408 1.000 1.000 1.001

21.5 6489.090 6855.840 8633.257 1.000 1.000 1.001

22 7221.132 7419.992 9230.492 1.000 1.000 1.001

22.5 6751.173 7054.237 8635.506 1.000 1.000 1.001

23 7815.349 7989.221 8804.778 1.000 1.001 1.000

23.5 6485.889 6940.608 8527.564 1.000 1.000 1.000

24 7710.328 7787.556 9518.326 1.001 1.000 1.001

24.5 7436.914 7500.156 9620.549 1.000 1.000 1.000

25 6146.401 6794.192 8344.721 1.001 1.001 1.000

25.5 7612.847 7707.056 9545.294 1.000 1.000 1.001

26 7283.577 7344.893 9128.746 1.000 1.000 1.000

26.5 6793.392 6921.465 9825.125 1.000 1.000 1.000

27 7654.356 7745.579 9734.094 1.000 1.001 1.000

27.5 7577.436 7772.487 10156.000 1.000 1.001 1.000

28 7249.352 7500.605 9737.662 1.001 1.001 1.001

28.5 7556.421 7682.136 9766.366 1.001 1.001 1.000

29 8114.242 8298.894 9459.684 1.001 1.000 1.001

29.5 8026.250 8401.685 10169.125 1.000 1.000 1.001

30 7270.351 7844.307 9257.223 1.000 1.000 1.000

30.5 7985.869 8326.498 9695.012 1.000 1.000 1.000

31 7985.869 8326.498 9695.012 1.000 1.000 1.000

31.5 7985.869 8326.498 9695.012 1.000 1.000 1.000

32 7985.869 8326.498 9695.012 1.000 1.000 1.000



183

Bayesian approach to compare accumulatin time-to-event data 

Figure S4: Example of MCMC convergence of chains (6000 warm-up + 4 chains of 5000 
samples) for dataset 2 at T=17 months. The kernel-density plot for each chain for each param-
eter is plotted on the left-hand of the figure, the samples as they are drawn from the sampler in 
time are shown on the right. The absence of drift (left) and agreement between the kernel-density 
plots on the posteriors (right) for each sample and chain indicate good convergence. 3
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S5. Prior predictive checks

Figure S5: Prior check for both reference (trial data, red) and test (real world data, blue) 
parameters, where each shaded area represents the [5%,95%] credible interval (orange: 
reference, purple: test) for the model drawn from the priors. The resulting models span a 
large range of possible observed life-time distributions. The reference and test priors span both 
a wide range as a result of the wide prior on b and the exponential decay in lifetime distribution 
times. Top: dataset 1, bottom: dataset 2.
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S6. Posterior predictive checks

Figure S6: Posterior checks for dataset 1. Evolution of posterior for (universal) time  
months in intervals of 5 months for parameters , , and .

3
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Figure S7: Posterior check model fits to reference (trial, red) and test (real world, blue) 
data from dataset 1, where each shaded area represents the [5%,95%] credible interval 
on the test survival models drawn from the posterior (purple). The solid orange and purple 
curves represent the median model drawn from the posterior for the reference and test sets. The 
credible around the test set narrow as time progresses. Up until  test data indicate a good 
overlap with the posterior model, but thereafter there is a consistent misfit between data and 
model manifests. This could indicate a poor baseline hazard model or a shifting of the population 
of test data over time. The latter is most likely, as illustrated also by the strong movement of the 
test beta posterior over time and has been reported in clinical practice for real world cohorts 
focusing on oncological therapies. (4)
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Figure S8: Posterior checks for dataset 2. Evolution of posterior for (universal) time  
months in intervals of 5 months for parameters , , and .

Figure S9: Posterior check model fits to reference (trial, red) and test (real world, blue) 
data from dataset 2, where each shaded area represents the [5%,95%] credible interval 
on the test survival models drawn from the posterior (purple). The solid orange and purple 
curves represent the median model drawn from the posterior for the reference and test sets. 
The credible around the test set narrow as time progresses and the test data lies comfortably 
in the model credible span, indicating good fits and a clear separation between reference and 
test model appears.

3
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S7. Sequential Bayes Factor hypothesis testing
In traditional null hypothesis testing, the probability of observing a certain value for the 
estimator of a decision score under a null model  is evaluated. In case the probability 

 of observing an estimated value is smaller than a certain threshold value , commonly 
,  is rejected, the data are decided to not have been generated by this model, 

and action is taken. In this framework, the probability of erroneously rejecting the  
(type I error) is directly controlled and an interpretation of significance can be ascribed 
to the decision.

However, this framework has a couple of drawbacks. First, corrections need to be 
applied to the threshold value  when multiple tests are performed on the same (or 
partially overlapping) data, as by definition  is expected to be rejected erroneously 
once in every 1/𝑝𝑝  times the test is evaluated. Second, the alternative hypothesis  is 
not explicitly defined and might be equally unlikely for the observed data, rendering 
its acceptance tenuous. (1)

When adopting a Bayesian framework, we can mitigate these two drawbacks by directly 
evaluating the relative hypothesis evidence  for both the null and alternative 
hypotheses and make decisions based on a Bayes factor.

Here,  is the observed data and  is the marginal of the posterior (also called the 
evidence) over all possible model parameters specified in . Usually, the priors  
for both hypotheses are taken to be the same. The Bayes factor can be interpreted as a 
direct quantification of the favoring of hypothesis  over the alternative. For instance, 
a Bayes factor of 10 means the alternative hypothesis  is 10 times more likely given 
this observed data compared to the null hypothesis. Typical decision threshold are 
kept at 10 or 30 (1/10 or 1/30 respectively). The direct comparison between the two 
hypothesis obviates the need for multiple testing correction, as both hypothesis are 
now compared like-for-like.

However, there are two drawbacks to the Bayesian approach. First, evaluating 
the evidence for both the null and alternative hypotheses can be computationally 
demanding. Second, we have given up control of our type I error. Fortunately, for many 
hypothesis tests, the evaluation of the evidence is not required. Additionally, whereas 
a type I error cannot be controlled explicitly, it can be inferred through simulations. 
However, for the sequential hypothesis, Bayesian models need to be constructed for 
every step of the sequence of each simulation, which we will leave for future work.
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In case a Bayes Factor is used for a hypothesis test, where the null model is a special 
case of the alternative model, the Bayes Factor simplifies substantially. We assume 
the following hypothesis for a particular model parameter  of interest: , and 

 (  is anything). Here  is a special case of  and the hypotheses are nested. 
(2) Assuming equal priors for the hypotheses, we can write

Applying Bayes’ rule to the denominator , we arrive at

where  is simply the prior probability of  and  is simply 
the probability of  under the posterior for . The evaluation of the prior is cheap, 
the posterior is usually the result of evaluating the Bayesian model.

More generally, the nested hypothesis can be used for disjoint hypothesis test of the 
form: , and  via the use of an encompassing hypothesis  :  is 
anything, in which both hypotheses are nested. (3) Writing this out and using Eqn. 3:

Note that the encompassing hypothesis is typically assumed through the Bayesian 
modelling.

3
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S8. Sensitivity analysis priors

Figure S10. Less informative priors used for parameters in modeling (c.f. Figure S1). A: β (Normal 
, B: b (LogNormal , and C: k (Uniform, [0, 3])

Figure S11. Posteriors with less informative priors on dataset 1 (c.f. Figure S6). A: β, B: b, and C: 
k. Since the trial cohort is included fully at , the posteriors for the baseline parameters , 
and  are thus virtually unaffected by the change in prior.



191

Bayesian approach to compare accumulatin time-to-event data 

Figure S12. Credible intervals for Dataset 1, given the less informative priors from Figure S10 (c.f. 
Figure 2A in main text). Initial, in the first 5 months, the effect of the substantially less informing 
prior is substantial. From about 10 months this effect of this prior is diminished, as more samples 
start contributing to the posterior of the model.

Figure S13. Bayesian Factors for Dataset 1, given the less informative priors from Figure S10 
(c.f. Figure 2B in main text). Because of the initial inclusion of a large number of patients in this 
dataset, the decision results become rapidly (within about 5 months) similar to the decisions 
derived from the more informative and realistic prior.

3
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Figure S14. Posteriors with less informative priors on Dataset 2 (c.f. Fig. S8). A: β, B: b, and C: k. 
Since the trial cohort is included fully at , the posteriors for the baseline parameters , and 

 are thus virtually unaffected by the change in prior.

Figure S15. Credible intervals for Dataset 2, given the less informative priors from Figure S10 (c.f. 
Figure S20A). Initially, in the first 5 months, the effect of the substantially less informing prior is 
substantial. From about 10 months this effect of this prior is diminished, as more samples start 
contributing to the posterior of the model.
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Figure S16. Bayesian Factors for Dataset 2, given the less informative priors from Figure S10 
(c.f. Figure S20B). Initial, in the first 5 months, the effect of the substantially less informing prior 
is substantial, pushing some decisions towards the cut-off thresholds. This stems from the wide 
prior over .

3
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S9. Posteriors using Gompertz baseline hazard function
To verify the independence of the results from the choice of baseline hazard (Weibull), 
we also ran our model against a Gompertz baseline hazard function, parameterized as

Figure S17 and S18 show the resulting credible intervals around  of the modelling 
using the Gompertz baseline hazard function described above (with the priors for  
and  as described in SI section 1 and the prior for  taken from a uniform distribution 
on support ) applied to datasets 1 and 2. When comparing these figures to Figure 
2A in the main text and Figure S20A, no visually meaningful differences are observed 
between the modelling using a Gompertz or Weibull baseline hazard function.

Figure S17. Credible intervals for Dataset 1 using the Gompertz baseline hazard (c.f. Figure 2A 
in the main text). No visual difference is observed compared to the modelling using the Weibull 
baseline hazard.

Figure S18. Credible intervals for Dataset 2 using the Gompertz baseline hazard (c.f. Figure S20A). 
No visual difference is observed compared to the modelling using the Weibull baseline hazard.



195

Bayesian approach to compare accumulatin time-to-event data 

S10. Distribution of patient and disease characteristics 
over time in clinical practice

Table S3. Patient and disease characteristics over time for patients treated with first line 
pembrolizumab plus chemotherapy in clinical practice from dataset 1.

Time 
(months)

Total 
population

N

Age ≥ 
75 year
n (%**)

Males
n (%**)

Squamous
n (%**)

PD-L1 <1%
n (%)

ECOG PS ≥ 2
n (%**)

Brain 
metastasis 

yes
n (%**)

5 53 4 (7) 29 (53) 0 23 (42) 7 (13) 12 (22)

10 141 12 (8) 68 (48) 0 42 (29) 14 (10) 32 (22)

15 212 22 (10) 108 (50) 0 118 (55) 17 (8) 44 (20)

20 265 28 (10) 133 (49) 0 145 (54) 21 (8) 59 (22)

25 335 35 (10) 166 (49) 0 185 (55) 27 (8) 70 (21)

30 415 49 (12) 200 (48) 0 224 (53) 35 (8) 79 (19)

35 484 62 (13) 237 (48) 0 257 (52) 44 (9) 93 (19)

40 512 67 (13) 244 (48) 0 269 (53) 47 (9) 96 (19)

45 512 67 (13) 244 (48) 0 269 (53) 47 (9) 96 (19)

50 512 67 (13) 244 (48) 0 269 (53) 47 (9) 96 (19)

* The total number of patients enrolled in the study since the start of the real-world cohort follow-up (T0), 
which corresponds to the date when the first patient initiated treatment with pembrolizumab.
** % calculated by dividing n / N

Table S4. Patient and disease characteristics over time for patients treated with first line 
pembrolizumab in clinical practice from dataset 2.

Time 
(months)

Total 
population 

N

Age ≥ 
75 year
n (%**)

Males
n (%**)

Squamous
n (%**)

PD-L1 <1%
n (%)

ECOG PS ≥ 1$

n (%**)
Brain 

metastasis 
yes

n (%**)

5 19 2 (11) 11 (58) 3 (33) 0 (0) 14 (74) 6 (32)

10 46 5 (11) 27 (59) 9 (20) 0 (0) 31 (67) 11 (24)

15 73 9 (12) 42 (57) 10 (14) 0 (0) 48 (65) 15 (20)

20 82 10 (12) 45 (55) 11 (13) 0 (0) 52 (63) 15 (18)

25 82 10 (12) 45 (54) 11 (13) 0 (0) 53 (64) 16 (19)

30 83 10 (12) 45 (54) 11 (13) 0 (0) 53 (64) 16 (19)

Abbreviations: PD-L1, Programmed death-ligand 1; ECOG PS, Eastern Cooperative Oncology Group 
Performance status.
*The total number of patients enrolled in the study since the start of the clinical practice cohort follow-up (T0), 
which corresponds to the date when the first patient initiated treatment with pembrolizumab.
** % calculated by dividing n / N
$ Since only two patients have an ECOG PS of 2 or higher in this dataset, we choose ECOG PS ≥ 1 (yes or no) 
as variable of interest.
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S11. Hazard ratios and 95% credible intervals at 
subsequent time points for dataset 1 and 2

Table S5. Median HR with 95% credible intervals, number of patients (n) for dataset 1. The HR 
represent overall survival difference for patients treated with pembrolizumab plus chemotherapy 
in clinical practice versus KEYNOTE-189 RCT

Time 
(months)

Median HR
(95% credible 

intervals)

Patients (n) from clinical practice data

Total* at risk event censored

6 1.78 (1.06 – 3.22) 72 61 10 1

12 1.98 (1.40 – 2.66) 171 118 46 7

18 2.18 (1.73 – 2.73) 239 130 97 12

24 1.91 (1.60 – 2.27) 320 165 139 16

30 1.82 (1.58 – 2.16) 415 202 191 22

36 1.78 (1.52 – 2.10) 499 234 228 37

42 1.60 (1.38 - 1.86) 512 227 274 194

48 1.58 (1.36 – 1.82) 512 1 276 235

50 1.54 (1.33 – 1.78) 512 0 277 235

Abbreviations: Hazard Rate, HR. * The total number of patients enrolled in the study since the start of the clinical 
practice cohort follow-up, which corresponds to the date when the first patient initiated treatment with pembrolizumab 
pus chemotherapy.

Table S6. Median HR with 95% credible intervals, number of patients (n) for dataset 2. The HR 
represent overall survival difference for patients treated with pembrolizumab in clinical practice 
versus KEYNOTE-024 RCT.

Time (months) Median HR
(95% credible 

interval)

Patients (n) from clinical practice data

Total* at risk event censored

6 0.96 (0.46 – 1.95 23 22 1 0

12 1.00 (0.55 – 1.70) 57 45 12 0

18 1.19 (0.78 – 1.80) 80 56 24 0

24 1.45 (1.07 – 1.96) 82 43 39 1

30 1.49 (1.11 – 1.98) 83 0 48 35

Abbreviations: Hazard Rate, HR. * The total number of patients enrolled in the study since the start of the clinical 
practice cohort follow-up, which corresponds to the date when the first patient initiated treatment with pembrolizumab
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S12. Results dataset 2: survival outcomes associated with 
pembrolizumab monotherapy

Kaplan-Meier curves
The Kaplan-Meier curves of overall survival outcomes associated with pembrolizumab 
monotherapy for the RCT cohort and the complete clinical practice dataset (i.e., 
comprising of all patients and complete follow-up) are presented in Figure S19.

Figure S19. Kaplan-Meier curves of overall survival outcomes for patients treated with pembroli-
zumab monotherapy in clinical practice versus the KEYNOTE-024 RCT.

Model diagnostics
The MCMC procedure demonstrated good convergence and resolution, as detailed in 
Table S3 and Figure S4. Figure S5 shows that the predictive prior checks demonstrated 
good alignment between the prior and the observed data, indicating that the chosen 
priors are appropriate. Figure S9A-E provide a visualization of the model fit at 
subsequent time intervals, through posterior predictive checks. Although there were 
some small deviations, the overall fit was good.

Posterior distribution
Figure S20A shows the HR estimates for each consecutive model with credible intervals 
from 50% to 97.5%. Initially, in the first few months when limited data from clinical 
practice was included (i.e., a small number of patients and short follow-up), the credible 
intervals indicated large uncertainty and HR estimates fluctuated. As more data 
accumulated (i.e., more patients and longer follow-up), uncertainty decreased and the 
HR distribution shifted in its entirety towards HR > 1, indicating with high certainty a 
worse survival for patients treated in clinical practice compared to those treated in 
the RCT. After about 20 months of data accumulation, the HR distribution reached a 
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stable value of approximately 1.50. When all data were included, the HR was 1.49 (95% 
credible interval 1.11 – 1.96) (Table S4).

Figure S20. Hazard Ratio (HR) represents the hazard of a survival event occurring in the clinical 
practice cohort divided by that in the RCT cohort for patients treated with pembrolizumab mono-
therapy A: HR distribution over time with 50%, 75%, 95% and 97.5% credible intervals. B: The 
Bayes factor for competing hypotheses testing different HR thresholds for each model update. 
The grey circle indicates the point at which there is very strong evidence for either H1 or H0 for 
every further updated model.

Bayesian hypothesis testing
Figure S20B shows the of the Bayes Factor over time for different competing hypotheses, 
evaluating whether the observed HR falls above certain thresholds (ranging from HR 
>1.00 to >2.00) or below certain thresholds (ranging from HR <1.00 to <0.50). In the 
first 10 months data accumulation, there was a lack of evidence to support a HR > 
1.00, indicating worse survival outcomes in clinical practice than in the RCT (light green 
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curve), or a HR < 1.00, indicating better survival outcomes (light orange curve). After 10 
months of data accumulation, the strength of the evidence for an HR > 1.00 increased. 
Before the end of data accumulation, there was very strong evidence for an HR > 1.0 
and strong evidence for a HR >1.2.

Sensitivity analyses
The prior sensitivity analysis, detailed in Figure S15 and S16 demonstrated that 
variations in the range of priors did not impact the results, confirming the robustness 
of the chosen prior.
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Treatment effects observed in daily clinical practice often differ from randomized 
controlled trials (RCTs) because of more heterogenous populations, where patients are 
usually older, have more comorbidities, are in worse performance states, and receive 
less consistent treatment schedules and follow-up procedures. These differences 
highlight the need for real-world data (RWD) to complement traditional pre-approval 
clinical trials by providing insights into how treatments perform in broader, more diverse 
populations and in everyday healthcare settings. [1-3] In addition, RWD gives the 
opportunity to compare treatments in the absence of head-to-head RCTs. Generating 
these insights promptly and with high validity is essential for decision-making regarding 
the appropriate use of medicines, as done by a variety of relevant parties, including 
regulatory authorities, policymakers, and payers. By “prompt evidence generation,” we 
refer to the ability to obtain insights into survival outcomes and tolerability as soon as 
possible after introduction of novel therapies in clinical practice.

This thesis focused on real-world evidence (RWE) to support patients and clinicians 
in the context of clinical decision-making. To do so, the aim of this thesis was to 
complement data on survival outcomes reported in RCTs of patients with advanced 
NSCLC with data from patients treated with immunotherapy in clinical practice, while 
also evaluating methodological challenges and advancements for prompt evidence 
generation.

More specifically, the first part of this thesis, Chapter 2, assessed real-world outcomes 
of patients with NSCLC treated with immunotherapy. In Chapter 2.1, the real-world 
effectiveness of durvalumab after concurrent or sequential chemoradiotherapy was 
evaluated in patients with stage III NSCLC. Durvalumab treatment in clinical practice 
was associated with improved progression-free survival (PFS) and overall survival (OS) 
compared with historical controls treated with CRT alone. The median PFS observed 
in clinical practice was notably longer than that reported in the PACIFIC trial, while 
OS outcomes were similar between the two settings. In Chapter 2.2, the real-world 
effectiveness of first line pembrolizumab plus chemotherapy was compared with 
the efficacy reported in the corresponding RCTs (KEYNOTE-189 and KEYNOTE-407). 
Patients with nonsquamous PD-L1-negative tumors who were treated in clinical 
practice experienced considerably shorter OS than those in the corresponding trial. 
No statistically significant difference was observed among subgroups of patients with 
PD-L1-expressing tumors. In Chapter 2.3, treatment response and PFS were compared 
between patients receiving first line nivolumab–ipilimumab plus chemotherapy and 
those receiving pembrolizumab plus chemotherapy in clinical practice. The dual 
immunotherapy regimen demonstrated a numerically higher response rate and 
similar PFS compared with pembrolizumab plus chemotherapy. In Chapter 2.4, the 
potential effect of concomitant medication on the effectiveness of immunotherapy was 
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investigated. To address potential confounding by indication, the immunotherapy cohort 
was matched to a chemotherapy cohort. Patients treated with antibiotics or opioids 
showed worse survival outcomes in both cohorts, suggesting that the association may 
reflect underlying patient characteristics rather than a specific immunomodulating 
effect. Altogether, these studies provide valuable insights into real-world outcomes of 
immunotherapy in patients with advanced NSCLC, offering evidence that clinicians can 
incorporate into their decision-making.

The second part of this thesis, Chapter 3, addressed methodological challenges and 
advancements for prompt evidence generation. In Chapter 3.1, a scoping review 
showed that observational studies often lack clear reporting of PFS definitions and 
measurements, and that, when reported, these definitions frequently differ from 
those used in RCTs. In Chapter 3.2, the use of text-mining techniques was explored 
to extract structured information from unstructured clinical notes, demonstrating that 
this approach can support more standardized and efficient data capture. In Chapter 
3.3, a Bayesian survival model was developed to compare accumulating time-to-event 
data from clinical practice with fixed RCT data. This approach showed promise for 
reducing the time needed to assess whether differences in OS between clinical practice 
and RCT populations exceed predefined thresholds.

The work presented in this thesis provides valuable insights into the real-world 
outcomes of patients with advanced NSCLC treated with immunotherapy, while also 
demonstrating how evidence regarding these outcomes can be generated more 
promptly. At the same time, the findings and their context reveal recurring challenges, 
as PFS results may vary and not fully capture what matters most to patients, while 
inconsistencies in reporting and measurement can undermine validity, and conventional 
approaches to data collection and analysis remain too slow to keep pace with a rapidly 
evolving treatment landscape.

These observations highlight the need for meaningful, and valid outcomes, and prompt 
evidence generation. In the following paragraphs, these three aspects are further 
elaborated, placed in the context of the studies described above, and accompanied 
by recommendations for future directions.

Meaningful outcomes
In this thesis, OS and PFS were the main clinical outcomes studied. These outcomes 
represent the primary endpoints most frequently assessed in pre-approval studies. 
However, it is questionable how meaningful these outcomes are for the individual 
patient. Traditionally, OS has been considered the gold standard in oncology research, 
as longer survival is generally considered to reflect treatment benefit. Therefore, OS 
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will remain an important outcome. [4] However, OS does not capture the effect of a 
treatment on the quality of survival, which patients often value as much as, or even 
more than, survival itself. [5] Another limitation of OS is that it is a composite of all 
treatments provided to a patient (e.g., post-progression treatments following first-line 
treatment), which limits the assessment of the contribution of a specific treatment. 
[6] For this reason, PFS is commonly used because it reflects the effect of a single 
treatment. However, the correlation between PFS and OS, as well as between PFS and 
quality of life, remains uncertain in RCTs and is equally questionable in clinical practice. 
[7-9] The uncertainty regarding the correlation between PFS and OS in clinical practice 
was illustrated in Chapter 2.3, where patients treated with durvalumab in clinical 
practice had a notably longer PFS than those treated in the reference trial (27.1 vs. 16.8 
months), while OS outcomes were comparable.

The ongoing debate about clinical outcomes in cancer research revealed that patients 
often prioritize health-related quality-of-life outcomes, such as physical functioning, 
symptom control, emotional well-being, and the ability to maintain daily activities and 
social connections, over survival itself. [10] These aspects are best captured through 
patient-reported outcome measures (PROMs), which directly assess patient outcomes 
without interpretation by clinicians or others. [11]. Therefore, clinical decision-making 
should be guided not only by survival data but also by PROM data, ensuring that 
treatment decisions reflect what matters most to patients. [12-13] However, despite 
the increasing recognition of the value of PROMs, they are still not routinely used as 
outcomes in RCTs, and even less so in observational studies [14]. This limited uptake is 
mainly due to concerns about their reliability, both methodological and practical. Recent 
developments, however, are actively addressing these challenges. Methodological 
challenges are being addressed through the development of international standards 
such as SISAQOL-IMI, which harmonize the reporting, interpretation, and analysis of 
PROM data. [15] Practical challenges are being addressed through innovations such 
as decentralized and hybrid trials with remote data-collection platforms, as well as 
projects like Trials@Home. [16] Additionally, national initiatives such as the Dutch 
Thoracic Oncology Cohort (DuTOC) are establishing an infrastructure for prospectively 
capturing data, including PROM data from patients with lung cancer in clinical practice. 
These patients will periodically receive validated digital PROMs to enable longitudinal 
data collection. [17] With the first patients enrolled in August 2025, this initiative is still 
in its early phase but already holds considerable promise. Similar efforts in other cancer 
types have demonstrated the feasibility of such large-scale, prospective PROM data 
collection. For example, in colorectal cancer, the Prospective Dutch Colorectal Cancer 
cohort has shown that this approach is achievable in clinical practice. [18] Building on 
these experiences, extending similar approaches to lung cancer would represent an 
important step forward. At the same time, the automated integration of PROMs into 
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EHRs remains challenging, and further investments in digital infrastructure are needed 
to make PROM assessment easier for patients, ideally through passive capture with 
direct integration into EHR systems. These priorities are in line with broader initiatives 
such as the European Health Data Space and Health-RI in the Netherlands, which aim to 
create interoperable infrastructures for health data and thereby support the integration 
and use of PROM data in both research and routine care. [19, 20]

Despite the challenges associated with PROM data, their continued development 
and use are essential. In this thesis, PROM data were not collected. Their inclusion 
in Chapter 2.3 would have been particularly valuable, as OS data were not mature 
at the time of data analysis, and PROMs data could have provided complementary 
insights into how nivolumab–ipilimumab plus chemotherapy and pembrolizumab plus 
chemotherapy affect quality of life in clinical practice. This could be different because 
of the additional CTLA-4 target and different number of chemotherapy cycles. Until 
PROMs are more widely implemented, outcomes such as OS and PFS remain the most 
used clinical endpoints, although both present considerable challenges in reflecting 
treatment effectiveness in real-world settings. These challenges and other potential 
biases will be discussed in the next paragraph.

Valid outcomes
In this thesis, we used observational cohort designs to investigate the effectiveness 
of immunotherapy in patients with advanced NSCLC, either by comparing two 
or more clinical practice cohorts (i.e. within study comparison), or by comparing a 
clinical practice cohort with an RCT cohort (i.e. between studies comparison). While 
observational studies offer valuable insights, they are inherently more vulnerable to 
bias than RCTs since they lack randomization and blinding. [21] The main biases in 
observational studies are selection bias, information bias and confounding bias. The 
extent to which these biases impact the validity of a study depends on the specific study 
design and research question. Here, these types of bias are discussed in the light of 
the studies in this thesis. Also, the specific strategies used to mitigate their impact are 
outlined. Finally, a more general approach that could be used to mitigate bias in such 
observational studies is outlined.

First, information bias, often referred to as non-random misclassification, occurs when 
study variables (covariates or outcomes) are systematically measured, reported or 
classified incorrectly. [22] Regarding the primary outcomes used in this thesis, OS 
is generally not affected by information bias because death is clearly defined and 
objectively captured, whereas PFS is more prone to such bias, particularly in real-
world studies, where assessments are less standardized than in RCTs. PFS can be 
influenced by several factors, such as the presence of clinical symptoms, the timing 
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of radiological assessments, the criteria used to interpret scans, and the individuals 
performing these interpretations. [23, 24] These factors vary not only across different 
clinical practice settings but also between clinical practice and the highly controlled 
RCT environment (see Chapter 3.1). This variability makes it particularly challenging (if 
not impossible) to accurately compare PFS outcomes between observational and RCT 
cohorts (Chapters 2.2 and 2.3). This might also explain the unexpected finding that 
PFS for patients treated with durvalumab in clinical practice was longer than for patients 
treated with durvalumab in the RCT (Chapter 2.1). These observations raised concerns 
about both the reliability and accuracy of PFS measurements in real-world settings. 
Therefore, when PFS is studied, appropriate strategies should be taken to reduce bias. 
First, factors influencing PFS measurement should be aligned as much as possible. If 
the timing and frequency of assessments cannot be harmonized, evaluation-time bias 
can be minimized by applying interval-censoring rules and using appropriate statistical 
methods, as recommended by Panageas et al. and Degue et al. [25, 26] Alternatively, 
more objective early outcome measures, such as time to treatment discontinuation 
or time to next treatment, may be considered. Unlike PFS, these outcomes are less 
prone to information bias, as they rely on medication orders which are often objectively 
recorded. [27] However, similar to PFS, no correlation with OS or quality of life has been 
demonstrated, raising questions about their value as meaningful outcomes for patients.

Second, selection bias occurs when the likelihood of being included in either the 
treatment or the comparator group of a comparative effectiveness study is related to 
factors that also influence the outcome, thereby threatening the internal validity of the 
study. [28-29] The comparative effectiveness study in Chapter 2.1 provides an example 
where the internal validity was threatened by immortal time bias, often referred to as a 
form of selection bias. Immortal time bias arises when there is a period during follow-
up in which a time-to-event outcome (such as death or disease progression) cannot 
occur, yet, this time is incorrectly classified as part of the time at risk. [30] One of the 
study’s objectives was to compare the survival outcomes of patients who received CRT 
followed by adjuvant durvalumab with those of a historical control group who received 
CRT alone. In the durvalumab group, patients could only receive the treatment if they 
survived the period between the start of CRT and the initiation of durvalumab, which 
is referred to as “immortal time.” In contrast, patients in the historical control group 
did not experience this “immortal time,” potentially leading to an overestimation of 
survival in the durvalumab cohort. To minimize this bias, we excluded all patients in 
the historical control cohort who had progressed, died, or were censored before an 
imputed index date.

Third, confounding bias occurs when a variable is associated with both the exposure 
and the outcome, distorting the true association between them. [31] A commonly 
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described type of confounding in real-world studies is confounding by indication, which 
occurs when treatment allocations are influenced by disease or patient characteristics 
that are also associated with treatment outcomes. [32, 33] Confounding by indication 
or ‘treatment selection bias’ is closely related to selection bias. [34] In Chapter 2.4, this 
thesis provides an example where we did not aim to eliminate confounding by indication 
but instead used this principle to assess the impact of comedication influencing the 
gut microbiome on the effectiveness of immunotherapy to evaluate potential effect 
modification. It was hypothesized that certain comedications, such as antibiotics or 
proton pump inhibitors, may alter the composition of the gut microbiome in ways that 
diminish the immune response, thereby reducing the effectiveness of immunotherapy. 
We used a matched cohort design of a chemotherapy and immunotherapy cohort, to 
evaluate the relation between the use of gut microbiome-influencing comedication 
and survival outcomes within each cohort. In both cohorts, the use of antibiotics and 
other medication was similarly associated with worse outcomes. This suggests that 
the association was likely a consequence of confounding rather than comedication 
disturbing the composition of the microbiome and thus no effect modification. In 
Chapter 2.2, this thesis presents an example of how bias arising from treatment 
allocations based on PD-L1 expression can be minimized. At the time of the study, 
guidelines recommended pembrolizumab plus chemotherapy for patients with no 
(PD-L1 <1%) or intermediate (PD-L1 1%-49%) PD-L1 expression. For patients with PD-L1 
> 50%, pembrolizumab monotherapy was recommended unless a rapid tumor response 
was required, in which case pembrolizumab plus chemotherapy could be considered. As 
a result, a significantly lower proportion of patients with PD-L1 >50% were exposed to 
pembrolizumab plus chemotherapy in clinical practice compared to RCTs (11.5% versus 
31.2%). Given that PD-L1 >50% is associated with better survival outcomes than lower 
PD-L1 expression and that treatment choices depend on PD-L1 status, differences in 
survival outcomes between clinical practice and RCTs were assessed by PD-L1 stratum 
to prevent confounding by indication.

The examples above highlight some of the most common biases and the specific 
strategies used to mitigate them. However, each study comes with its own 
methodological challenges, which must be addressed to generate valid RWE for 
clinical decision-making. A relatively recent methodological development that can help 
overcome some of these challenges is the target trial emulation (TTE) approach. [35] In 
this approach, observational studies are explicitly designed to emulate the key elements 
of a hypothetical RCT, including eligibility criteria, treatment strategies, follow-up, and 
outcome definitions. Initiatives such as REPEAT and DUPLICATE have demonstrated that 
when observational studies are carefully designed using a TTE approach, they can yield 
results that closely align with those from a corresponding RCT. [36, 37] The robustness 
of this approach has also been demonstrated in metastatic NSCLC, where Polito et al. 
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(2024) emulated a trial comparing OS of patients treated with first-line chemotherapy in 
clinical practice with those treated in RCTs, resulting in comparable survival estimates. 
[38] That emulations of conducted clinical trials yield similar findings adds to the trust 
in this methodology to also study comparisons that are not investigated in head-to-
head clinical trials. [39] The comparative effectiveness study presented in Chapter 
2.3 that compared nivolumab–ipilimumab plus chemotherapy with pembrolizumab 
plus chemotherapy in advanced NSCLC patients with PD-L1 <1%, already incorporated 
a TTE principle by beforehand defining response criteria to be handled identically per 
treatment arm. While the timing of follow-up assessments is difficult to standardize in 
clinical practice, applying consistent response minimized bias.

Prompt evidence generation
As discussed above, valid study designs and meaningful outcomes are essential for 
informing clinical decision-making. With new treatment options rapidly emerging, it 
becomes even more important to inform patients and clinicians promptly about their 
effectiveness in clinical practice. However, prompt real-world evidence generation 
is often hindered, as most studies (including those in this thesis) rely on EHR data 
from a limited number of centers, resulting in relatively small patient populations. 
Consequently, cohort recruitment is slow, delaying the availability of reliable evidence. 
Collaborations with multiple centers could help to overcome this. However, manual EHR 
data collection across multiple centers is also time-consuming and prone to error, as 
data items are often recorded and interpreted differently across centers. Therefore, 
data standardization is needed to ensure that data collected across centers are 
comparable, reliable, and can be combined for robust analyses. [40] The International 
Consortium for Health Outcomes Measurement (ICHOM) promotes the standardization 
of outcomes and data structures across a wide range of diseases worldwide. [41] At the 
national level, the Netherlands Comprehensive Cancer Organisation (IKNL) supports 
such efforts in oncology, including in the field of lung cancer. [42] Although promising, 
the uptake of these data standards in clinical practice has been slow, probably due to 
the complexity of implementation. While such initiatives define which outcomes should 
be measured and how they can be collected, Common Data Models (CDMs) further 
support data harmonization by organizing information into a standard structure with 
shared terminology. [43] Although CDMs provide a common framework for routinely 
collected data, they often lack the flexibility to incorporate new or study-specific 
variables, particularly those documented in unstructured text. [44] This limitation 
is especially relevant for clinical outcomes such as time to disease progression or 
symptom burden, which are rarely noted in structured formats. In such cases, text 
mining offers a scalable solution by converting unstructured data into structured 
formats, thereby complementing CDMs and expanding their utility. As demonstrated 
in Chapter 3.2, we successfully applied text mining to extract information on disease 
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progression from unstructured medical and radiological notes in multiple centers. 
At the same time, new opportunities are emerging to improve data capture at the 
source. Digital health technologies, such as medical wearables, can reduce information 
bias by enabling more complete and objective outcome collection, thereby limiting 
the variability introduced through voluntary manual documentation. [45] Combined 
with text mining and CDMs, these technologies can broaden the scope and quality of 
real-world data, ultimately providing more reliable evidence for patients and clinicians. 
National initiatives also play a key role in advancing real-world evidence generation. 
As previously highlighted, DuTOC provides such an example by creating a prospective 
infrastructure for clinical data, PROMs, and biomaterials, thereby supporting timely 
and reliable evidence in lung cancer.

Although these strategies accelerate access to larger and more reliable datasets, valid 
conclusions about treatment effectiveness still require time. In most cohort studies, 
analyses are typically tied to fixed datasets with predefined follow-up, resulting in 
conclusions that often arrive late. These delayed conclusions are especially undesirable 
in the rapidly evolving landscape of lung cancer treatment. This limitation could be 
addressed by continuously monitoring and comparing the effectiveness of new 
treatments in real time, either relative to the pivotal trial or between different treatment 
strategies. Real-time monitoring would allow early identification of potential efficacy-
effectiveness gaps and enable timely adjustments to treatment strategies. Stratifying 
these real-time analyses by patient subgroups and clinical settings would enable the 
generation of prompt insights to support individualized treatment decisions. If this 
technique had been applied in the study on the effectiveness of pembrolizumab plus 
chemotherapy (Chapter 2.2), it would likely have identified much earlier that patients 
with PD-L1 <1% treated in clinical practice had significantly worse OS than those treated 
in the RCT, as follow-up could have started from the first patient treated in 2019. In this 
thesis, Chapter 3.3 presents a first step towards real-time monitoring by applying a 
Bayesian survival approach that compares survival outcomes from an accumulating 
clinical practice cohort with survival outcomes from a fixed RCT cohort. This type of real-
time monitoring, combined with data standardization and harmonization, is expected 
to accelerate the availability of relevant evidence and help patients and clinicians make 
better-informed treatment decisions soon after the adoption of new treatments.

Recommendations for research
Future research should include more outcomes that are truly meaningful for patients 
with advanced NSCLC. This requires systematic collection and use of PROM data, 
supported by initiatives such as DuTOC. In addition, national initiatives should aim 
for automatic integration of PROM into EHRs, ideally through passive digital capture 
(e.g. through wearables or patient apps). At the same time, methodological research 
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should focus on strengthening the validity of observational studies. Methods such as 
TTE should be investigated for their potential to reduce bias and enable real-world 
treatment comparisons when head-to-head trials are lacking. Ultimately, research 
strategies should focus on promptly generating evidence, which can be achieved if 
variables and outcomes are harmonized and standardized as much as possible. 
Advanced techniques, such as text-mining, can be used to extract and structure 
variables and outcomes and Bayesian survival modelling can be used for the real-time 
analysis of time-to-event outcomes. To maximize clinical value, all these approaches 
must account for specific patient characteristics in order to be able to translate findings 
into actionable information that can truly guide personalized discussions between 
patients and their clinicians.

Implications for clinical practice
Clinicians should be helped to incorporate real-world evidence to guide treatment 
discussions, as outcomes from clinical practice often differ from those reported in 
RCTs. For example, patients with PD-L1–negative NSCLC treated with pembrolizumab 
plus chemotherapy in clinical practice had considerably shorter survival than those 
treated in the RCT. These findings highlight that treatment benefits seen in RCTs may 
be less pronounced in certain subgroups and underscore the value of RWE for setting 
realistic expectations. Besides using RWE, clinicians can also play an important role 
to motivate patients to record PROMs so that this information can be incorporated 
in research eventually leading to possibilities to even more make treatment decisions 
based on outcomes that matters most to patients. Lastly, clinicians and hospitals can 
help accelerate the generation of RWE by participating in national initiatives such as 
the DuTOC, which supports standardized, prospective data collection and facilitates 
prompt insights on treatment outcomes in clinical practice.

Table 1. Future directions towards meaningful, and valid outcomes and prompt evidence 
generation

Lessons learned Future directions

Meaningful 
outcomes

OS and PFS remain the most used endpoints 
in oncology research, but they only partially 
capture what matters most to patients and face 
methodological challenges when used to reflect 
treatment effectiveness in clinical practice.

Future research should incorporate 
PROM data and promote their integration 
into EHRs, and clinicians can stimulate 
patients to generate PROM data.

Valid 
outcomes

Observational studies offer complementary 
evidence to RCTs and support clinical decision 
making, yet their findings must be interpreted 
with caution due to potential biases.

Future observational studies should 
incorporate the principles of target trial 
emulation to strengthen their validity.

Prompt 
evidence 
generation

Many studies are conducted within a limited 
number of centers, leading to slow cohort 
recruitment, and the reliance on manual data 
collection further delays the prompt generation 
of evidence.

Future efforts should focus on data 
harmonization and standardization and 
use advanced analytic tools (such as text-
mining and Bayesian survival modelling) 
to provide prompt evidence.
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Conclusion
In conclusion, the findings of this thesis show that outcomes of NSCLC patients treated 
with immunotherapy in clinical practice often differ from those reported in clinical trials. 
It further highlights that PFS is difficult to measure consistently and is prone to bias 
when comparing cohorts, and that methodological advancements such as text mining 
and Bayesian survival analysis offer opportunities to accelerate real-world outcome 
generation beyond clinical trials. Ultimately, the value of real-world evidence lies in 
guiding patients and clinicians in making the best possible treatment decisions.

4
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English summary
The introduction of immune checkpoint inhibitors (ICIs) has altered the treatment 
landscape of advanced non-small cell lung cancer (NSCLC) without targetable driver 
mutations, shifting the standard of care from chemotherapy to immunotherapy-based 
strategies. Evidence supporting the use of ICIs is primarily derived from randomized 
controlled trials (RCTs), which evaluate treatment effects under controlled conditions 
in selected patient populations. However, outcomes observed in RCTs may differ 
from those observed in clinical practice due to differences in patient characteristics, 
treatment adherence, and follow-up assessments. Real-world evidence can complement 
RCT evidence by providing insight into outcomes in more heterogeneous populations 
and settings. As new immunotherapy-based treatments are rapidly introduced, there 
is an increasing need for timely evaluation of their effectiveness in clinical practice. 
Nevertheless, generating prompt and reliable real-world evidence remains challenging. 
Therefore, this thesis aimed to complement data on survival outcomes reported in RCTs 
of patients with advanced NSCLC with data from patients treated with immunotherapy 
in clinical practice, while also evaluating methodological challenges and advancements 
for prompt evidence generation.

Outcomes of immunotherapy in lung cancer patients treated in clinical 
practice
In Chapter 2.1, the effectiveness of durvalumab following concurrent or sequential 
chemoradiotherapy in patients with stage III NSCLC was investigated. The findings 
showed that durvalumab improved both progression-free survival (PFS) and overall 
survival (OS) in clinical practice as compared with historical controls treated with 
chemoradiotherapy alone. The median PFS observed in clinical practice was substantially 
longer than the median PFS reported in the PACIFIC trial, whereas OS did not differ. This 
difference in PFS may be explained by differences in follow-up and outcome assessment 
between clinical practice and the clinical trial. In Chapter 2.2, the effectiveness of 
first-line pembrolizumab combined with chemotherapy in patients with metastatic 
NSCLC was examined, stratified by PD-L1 expression. Patients with non-squamous 
metastatic NSCLC and PD-L1 expression <1% who were treated with pembrolizumab 
plus chemotherapy in clinical practice had statistically significantly shorter OS than 
those in the corresponding RCT. No statistically significant differences were observed 
in the other PD-L1 strata. In Chapter 2.3, the outcomes of patients with metastatic 
NSCLC and PD-L1 expression <1% treated with nivolumab plus ipilimumab combined 
with chemotherapy in clinical practice were compared with those of historical controls 
treated with pembrolizumab plus chemotherapy. Patients treated with nivolumab plus 
ipilimumab showed numerically better treatment responses and slightly longer PFS 
than those treated with pembrolizumab plus chemotherapy. These findings suggest 
that nivolumab plus ipilimumab may be more effective than pembrolizumab plus 
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chemotherapy in clinical practice for this patient population, although longer follow-
up is needed to assess the impact on overall survival. In Chapter 2.4, the potential 
effect of concomitant medication on the effectiveness of immunotherapy in patients 
with advanced NSCLC was investigated, as certain medications such as antibiotics have 
been hypothesized to influence immunotherapy outcomes through alterations of the 
gut microbiome. To address potential confounding by indication, outcomes in patients 
treated with immunotherapy were compared with those of a matched historical cohort 
treated with chemotherapy. Patients who used antibiotics or opioids showed worse 
survival outcomes in both cohorts. This finding suggests that the observed association 
is more likely related to underlying patient characteristics rather than to a direct effect 
of these medications on immunotherapy effectiveness.

Methodological challenges and advancements for prompt evidence 
generation
In Chapter 3, methodological challenges and advancements related to prompt 
evidence generation were addressed. In Chapter 3.1, a scoping review was conducted 
to investigate how PFS is defined, measured, and reported for RCTs and observational 
studies of patients with advanced NSCLC treated with immunotherapy. The review 
showed that, compared with RCTs, observational studies frequently lack clear reporting 
on PFS definitions and measurement characteristics and that, when reported, these 
vary widely across studies. This variability hinders comparisons of PFS between 
observational studies and between observational studies and clinical trials, highlighting 
the need for careful interpretation of real-world PFS outcomes. In Chapter 3.2, the 
development and evaluation of a text-mining algorithm to capture disease progression 
from electronic health record data of patients with metastatic NSCLC treated with 
immunochemotherapy were addressed. The algorithm was developed in two Dutch 
hospitals and subsequently applied in other Dutch hospitals to assess its portability 
across different clinical settings. The results showed that disease progression could 
be detected accurately over time across hospitals. PFS estimates derived from 
text mining were similar to those obtained through manual chart review, indicating 
that this approach is suitable for prospective and scalable follow-up of disease 
progression in multicenter real-world cohorts. In Chapter 3.3, a Bayesian survival 
model was developed to enable early comparison of time-to-event outcomes between 
accumulating real-world data from clinical practice and fixed RCT data. The aim was to 
provide rapid and easily interpretable insights into potential differences in treatment 
effectiveness to support timely decision-making. When applied to two lung cancer 
datasets, the model showed that, provided an adequate model fit was achieved, reliable 
estimates and clear evidence of differences in survival outcomes could be obtained 
before data collection for typical observational studies was complete.

6
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Discussion
The discussion in Chapter 4 places the findings presented in this thesis in a broader 
perspective and addresses three key themes: the need for meaningful outcomes, valid 
outcomes, and prompt evidence generation. First, the theme of meaningful outcomes. 
While OS and PFS remain central outcomes for decision-making about oncology 
medicines, they do not always capture what matters most to patients, including 
their quality of life. Future research should therefore include outcomes that are truly 
meaningful for patients with advanced NSCLC, which requires the systematic collection 
and use of patient-reported outcome measures. Second, the theme of valid outcomes. 
Real-world data are susceptible to biases inherent to observational research, including 
information bias, selection bias, and confounding by indication. The studies in this 
thesis illustrate how explicitly accounting for these sources of bias through harmonized 
outcome definitions and appropriate comparison strategies can improve the validity 
of comparisons with RCT and other studies. Looking ahead, future methodological 
research should further strengthen the validity of observational studies of new cancer 
medication, for example by exploring approaches such as target trial emulation. Third, 
the theme of prompt evidence generation. As treatment options evolve rapidly, timely 
insight into real-world effectiveness is essential but is often constrained by slow data 
collection and limitations of conventional analytical approaches. Addressing these 
challenges requires scalable data infrastructures, improved data harmonization 
across hospitals, and methods that support continuous or near–real-time analysis. 
Methodological advancements such as text mining of unstructured clinical data and 
Bayesian survival modeling offer promising opportunities to accelerate and strengthen 
real-world evidence generation.

In conclusion, this thesis showed that survival outcomes of patients with advanced 
NSCLC treated with immunotherapy in clinical practice differ from those reported in 
RCTs, highlighting the added value of real-world data in complementing RCT evidence. 
It further highlighted that PFS is difficult to measure consistently in real-world settings 
and is prone to bias, whereas methodological advancements, such as text mining and 
Bayesian survival modeling, can enable more prompt generation of real-world evidence.
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Dutch summary / Nederlandse samenvatting
De komst van immuuntherapie heeft de behandeling van uitgezaaide niet-kleincellige 
longkanker (NSCLC) ingrijpend veranderd. In het verleden kregen longkankerpatiënten 
vooral chemotherapie. Tegenwoordig is immuuntherapie een hoeksteen in de 
standaardbehandeling. De kennis over deze behandelingen komt vooral voort 
uit gerandomiseerde klinische studies. Dit zijn onderzoeken waarin een nieuwe 
behandeling wordt vergeleken met een bestaande behandeling of placebo. Dit type 
onderzoek gebeurt onder streng gecontroleerde omstandigheden en bij zorgvuldig 
geselecteerde patiënten, bijvoorbeeld patiënten die relatief fit zijn en verder geen 
andere aandoeningen hebben. Zo kan op een zo betrouwbaar mogelijke manier 
worden vastgesteld wat het effect van de nieuwe behandeling is ten opzichte van 
de bestaande behandeling. In de dagelijkse praktijk (‘real world’) kan de behandeling 
van longkankerpatiënten echter andere resultaten geven dan de resultaten van 
klinische studies. Dit komt mede omdat patiënten in de dagelijkse praktijk geen 
perfecte afspiegeling vormen van de zorgvuldig geselecteerde patiëntengroep die 
onderdeel uitmaakt van een klinische studie. Zo zijn patiënten buiten studieverband 
vaak ouder, hebben zij naast longkanker mogelijkerwijs ook andere aandoeningen en 
krijgen zij tijdens hun behandeling vaak minder controles. In klinische studies worden 
patiënten namelijk intensief gecontroleerd, bijvoorbeeld met extra afspraken, scans 
en bloedonderzoeken. Onderzoek met gegevens uit de dagelijkse praktijk kan daarom 
een belangrijke aanvulling zijn op klinische studies om de effectiviteit en veiligheid 
van immuuntherapiebehandelingen te bepalen. Het bewijs dat uit dit type onderzoek 
voortkomt, wordt ook wel real-world evidence genoemd.

Omdat er steeds nieuwe immuuntherapieën beschikbaar komen en behandelingen 
ook samen worden gebruikt, is het belangrijk om snel duidelijkheid te krijgen over 
hun werkzaamheid en veiligheid in de praktijk. Zonder tijdig inzicht kan een niet 
effectieve behandeling in de praktijk langer worden gebruikt dan wenselijk is, terwijl 
er mogelijk betere, minder toxische alternatieven beschikbaar zijn. Het verzamelen 
van betrouwbare gegevens over behandeluitkomsten bij patiënten die in de dagelijkse 
praktijk worden behandeld is echter complex en tijdrovend. Veel informatie staat 
namelijk in uitgeschreven notities van artsen, vaak met medisch jargon en niet altijd 
eenduidig beschreven, waardoor het moeilijk is om deze gegevens snel te analyseren. 
Het doel van dit proefschrift was om de resultaten uit klinische studies bij patiënten 
met NSCLC die met immuuntherapie werden behandeld aan te vullen met gegevens uit 
de dagelijkse praktijk van patiënten met dezelfde ziekte en behandeling. Daarnaast is 
onderzocht hoe dit soort praktijkbewijs sneller en zorgvuldiger kan worden verzameld 
en geanalyseerd.

6
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Behandeluitkomsten van immuuntherapie in de dagelijkse praktijk
In Hoofdstuk 2 zijn de behandeluitkomsten van immuuntherapie onderzocht bij 
patiënten met gevorderde NSCLC in de dagelijkse praktijk. In Hoofdstuk 2.1 werd 
onderzocht hoe effectief durvalumab is na een behandeling met chemotherapie en 
radiotherapie bij patiënten met lokaal gevorderde NSCLC (stadium III). De uitkomsten 
werden vergeleken met de uitkomsten van patiënten die alleen chemotherapie en 
radiotherapie kregen en met de uitkomsten van patiënten die dezelfde behandeling 
kregen binnen een klinische studie. Patiënten die in de dagelijkse praktijk met 
durvalumab werden behandeld, leefden langer zonder dat de ziekte verergerde en 
leefden over het algemeen langer (‘totale overleving’) dan vergelijkbare patiënten die 
alleen chemotherapie en radiotherapie kregen. Opvallend was dat het bij patiënten in 
de dagelijkse praktijk langer duurde voordat de ziekte verergerde dan bij patiënten in de 
klinische studies, terwijl de totale overleving vergelijkbaar bleef. Een mogelijke verklaring 
hiervoor is dat patiënten in de dagelijkse praktijk minder vaak en consistent worden 
gecontroleerd dan in een klinische studie, waardoor verschillen kunnen ontstaan in 
het moment waarop verergering van de ziekte wordt vastgesteld.

In hoofdstuk 2.2 werd onderzocht hoe goed pembrolizumab plus chemotherapie 
werkt bij patiënten met uitgezaaide NSCLC (stadium IV) in de dagelijkse praktijk en 
werden deze resultaten vergeleken met die uit klinische studies. De uitkomsten 
werden geanalyseerd bij patiënten met verschillende niveaus van PD-L1, een eiwit 
op de tumorcellen dat het immuunsysteem kan onderdrukken, waarbij een hogere 
PD-L1-expressie meestal samenhangt met een beter effect van immuuntherapie. De 
resultaten lieten zien dat patiënten zonder PD-L1-expressie in de dagelijkse praktijk 
korter leefden dan patiënten in de klinische studie. Bij patiënten met een hogere PD-
L1-expressie werden geen duidelijke verschillen gevonden. In Hoofdstuk 2.3 werden 
twee behandelingen bij patiënten zonder PD-L1-expressie met elkaar vergeleken: een 
combinatie van nivolumab en ipilimumab plus chemotherapie (NIC) en een combinatie 
van pembrolizumab plus chemotherapie (PC). Patiënten die NIC kregen, hadden iets 
vaker een duidelijke afname van de grootte van hun tumor dan patiënten die PC 
kregen. Ook duurde het langer voordat hun ziekte verergerde. Dit suggereert dat NIC 
voor deze patiënten in de dagelijkse praktijk mogelijk beter werkt dan PC. Of dit ook 
betekent dat ze langer leven, moet nog verder worden onderzocht. In Hoofdstuk 2.4 
werd onderzocht of geneesmiddelen die gelijktijdig werden gebruikt, zoals antibiotica 
of opioïden, invloed hebben op het effect van immuuntherapie, mogelijk door de 
verstoring van darmbacteriën (microbioom) die het immuunsysteem ondersteunen. 
Hiervoor werden patiënten met NSCLC die immuuntherapie kregen vergeleken met een 
vergelijkbare groep patiënten die eerder met chemotherapie waren behandeld. In beide 
groepen leefden patiënten die antibiotica of opioïden gebruikten gemiddeld korter. 
Dit laat zien dat de slechtere uitkomsten ook beïnvloed zijn door de onderliggende 



225

Summaries

gezondheid van de patiënt zelf en niet direct (of slechts) met een verstoring van het 
microbioom door deze medicijnen.

Methodologische uitdagingen en oplossingen voor sneller bewijs
Hoofdstuk 3 richtte zich op de methodologische uitdagingen en mogelijke oplossingen 
om snel betrouwbaar bewijs te genereren bij patiënten met gevorderde NSCLC in de 
dagelijkse praktijk. In hoofdstuk 3.1 werd onderzocht hoe de tijd tot ziekteverergering, 
ook wel progressievrije overleving genoemd, wordt gedefinieerd en gemeten voor 
klinische studies en in observationele studies. Hieruit bleek dat voor observationele 
studies vaak onvoldoende duidelijk beschreven wordt hoe deze uitkomst is 
vastgesteld. Ook bestaan er grote verschillen in de definitie en manier van meten 
van progressievrije overleving. Daardoor is het lastig om resultaten van verschillende 
observationele studies, en van observationele studies en klinische studies, goed met 
elkaar te vergelijken. In hoofdstuk 3.2 werd een tekst-mining algoritme ontwikkeld 
dat automatisch ziekteprogressie kan herkennen uit de vrije teksten in de medische 
dossiers van longkankerpatiënten. Het algoritme werd getest in meerdere Nederlandse 
ziekenhuizen en bleek goed te werken: de uitkomsten kwamen grotendeels overeen 
met handmatige dossierbeoordeling. De resultaten laten zien dat dit tekst-mining 
algoritme geschikt is om patiënten in meerdere ziekenhuizen in de tijd te volgen en 
zo bijna real-time inzicht te krijgen in het moment waarop ziekteprogressie optreedt. 
In Hoofdstuk 3.3 werd een statistisch model ontwikkeld dat vaste resultaten uit 
klinische studies vergelijkt met nieuwe gegevens die stap voor stap binnenkomen uit 
de dagelijkse praktijk. Met dit model kan al in een vroeg stadium worden beoordeeld of 
een nieuw geneesmiddel in de praktijk dezelfde resultaten oplevert als in de klinische 
studie. Zo kan sneller worden gesignaleerd wanneer een behandeling in de praktijk 
minder effectief blijkt dan verwacht, waardoor de behandelrichtlijnen tijdig aangepast 
kunnen worden.

Beschouwing
In Hoofdstuk 4 werden de resultaten van dit proefschrift in een breder perspectief 
geplaatst. Hierbij is gekeken naar drie thema’s die vaak als belangrijke parameters 
worden beschouwd bij het beoordelen van nieuwe behandelingen: betekenisvolle 
uitkomsten, betrouwbare uitkomsten en het snel leveren van bewijs. Deze thema’s 
bieden een kader om de resultaten te interpreteren en te bespreken in de context van 
de dagelijkse praktijk. Ten eerste het thema betekenisvolle uitkomsten. De meeste 
onderzoeken bij longkankerpatiënten zich vooral richten op de totale overleving en de 
progressievrije overleving. Deze uitkomsten zeggen echter niet automatisch iets over 
hoe iemand zich voelt, inclusief diens kwaliteit van leven. Toekomstig onderzoek zou 
daarom vaker gebruik moeten maken van vragenlijsten waarin patiënten zelf aangeven 
hoe zij zich voelen en hoe zij in het dagelijks leven functioneren. Ten tweede, het 
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thema betrouwbare uitkomsten. Onderzoek op basis van gegevens uit de dagelijkse 
praktijk is gevoelig voor vertekening, bijvoorbeeld door verschillen tussen studies in 
het type patiënt dat wordt meegenomen of door verschillen in meetmethoden. Door 
hier vooraf expliciet rekening mee te houden en uitkomstdefinities beter op elkaar af 
te stemmen, kunnen resultaten uit de praktijk betrouwbaarder worden vergeleken 
met andere studies, zowel klinische studies als studies met gegevens uit de dagelijkse 
praktijk. Ten derde, het thema snel bewijs leveren. Snelle informatie over de effectiviteit 
van nieuwe behandelingen is essentieel om onvoldoende effectieve therapieën in de 
dagelijkse praktijk tijdig te signaleren. Helaas zijn deze praktijkuitkomsten meestal 
niet snel beschikbaar, omdat gegevens uit meerdere ziekenhuizen moeten worden 
verzameld om betrouwbaar te zijn. Daarnaast staat veel belangrijke informatie in 
patiëntendossiers in vrije tekst staat, waardoor het verkrijgen van uitkomsten langer 
duurt. Daarom zijn grootschalige, goed op elkaar afgestemde datasystemen nodig, 
gecombineerd met slimme analysemethoden, zodat praktijkgegevens sneller en beter 
benut kunnen worden.

Conclusie
Dit proefschrift laat zien dat behandeluitkomsten van immuuntherapie bij patiënten 
met gevorderde NSCLC in de dagelijkse praktijk afwijken van de resultaten uit klinische 
studies, en onderstreept daarmee de meerwaarde van gegevens uit de dagelijkse 
praktijk als aanvulling op klinische studies. Daarnaast blijkt dat progressievrije overleving 
in de praktijk lastig en niet altijd betrouwbaar te meten is. Nieuwe methoden, zoals 
automatische analyse van medische dossiers en geavanceerde statistische modellen, 
maken het mogelijk om sneller en beter te begrijpen hoe behandelingen in de dagelijkse 
praktijk werken en kunnen daarmee een waardevolle toevoeging zijn aan de bestaande 
kennis over de effectiviteit van immuuntherapie.
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matisch uitwerken van een Bayesiaans survivalmodel (waar we gelukkig het orakel 
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fase van dit proefschrift waardeer ik enorm.

Graag wil ik alle coauteurs bedanken voor alle waardevolle discussies, suggesties en 
waardevolle bijdragen aan dit proefschrift.
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En tot slot, de liefde van mijn leven. Lieve Maarten, je bent er altijd voor mij en was een 
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