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A B S T R A C T

In several recent issues of The Lancet, we identified a few common pitfalls in the analysis of clinical trial and
medical data in the published articles (Mok et al., 2019; Herrlinger et al., 2019; Reindl-Schwaighofer et al.,
2019; He et al., 2019). Without careful validation of model assumptions, even the primary endpoint of the trial
might be analyzed using improper statistical methods. We carried out an in-depth analysis of the statistical issues
in four real clinical trials, which highlights the importance of statistics in the medical field. With every effort,
biostatisticians need to work with clinicians closely to take the most appropriate statistical approaches to data
analysis; otherwise the conclusions drawn from the data might be problematic or misleading.

1. Introduction

In several recent issues of The Lancet, we identified a few common
pitfalls in the analysis of medical data in the published articles [1–4].
The inappropriate use of statistical methods may damage the soundness
of the analysis, and thus the conclusions drawn from the statistical
findings may be misleading or sometimes even false due to the fact that
either the model assumptions are violated or the statistical methods are
not applied in a proper way. These biostatistics pitfalls suggest that
clinicians should work closely with well-trained biostatisticians to carry
out sound statistical analysis in order to draw correct conclusions from
these studies. It also highlights the crucial value of biostatistics in
medicine and further corroborates the importance of collaborations
between the two fields. The four real examples below demonstrate the
necessity for such close collaborations from different perspectives. For
example, in the clinical trial design stage, how to make the design more
efficient as well as properly controlling the type I error to reduce the
possibility of false positive; stratified analysis should be used cau-
tiously, otherwise it may cause adverse effects if the data are overly
stratified; the Cox proportional hazards model might not provide a
suitable fit to the data when the proportional hazards assumption is
violated and thus the reported hazard ratio would be meaningless.

Example 1. Comparison of pembrolizumab and chemotherapy using
the restricted mean survival time.

Mok et al. [1] conducted an important trial (KEYNOTE-042) com-
paring pembrolizumab and chemotherapy for previously untreated, PD-
L1-expressing non-small-cell lung cancer (NSCLC). The reported

findings were based on the second interim analysis originally planned
for the trial. The overall survival (OS) of the three subpopulations based
on the PD-L1 tumor proportion scores (TPS≥ 50%, ≥20%, ≥1%) were
assessed under significance thresholds of 0.0122, 0.0120, 0.0124 se-
quentially to control the overall one-sided type I error rate at
α= 0.025. However, the first interim analysis had already spent the
type I error rate of α= 0.01576, and thus the remaining type I error
rate would be 0.00924 which is the total type I error rate for the second
interim analysis and the final analysis together. It is not clear how the
three significance thresholds (0.0122, 0.0120, 0.0124) were derived.
Moreover, Fig. 2 in Mok et al. [1] shows that the Kaplan-Meier OS
curves cross somewhere between 6months to 1 year for all PD-L1 TPS
subpopulations, indicating potential violation of the proportional ha-
zards assumption (e.g., p= .006 for the TPS≥ 50% subpopulation
using a residual-based test [5]). When the proportional hazards as-
sumption is violated, the hazard ratio (HR) from the Cox proportional
hazards model is not a meaningful quantity which cannot be inter-
preted as an average HR over time. As an alternative, we suggest a more
robust (assumption-free) approach to quantifying treatment effect by
using the restricted mean survival time (RMST). The RMST is defined as
the area under the Kaplan-Meier curve up to the specific follow-up time
[6–8]. Based on the OS data reconstructed from Fig. 2A in Mok et al.
[1], the 36-month RMST using pembrolizumab was 20.3months and
that of chemotherapy was 16.6months, i.e., NSCLC patients under
pembrolizumab on average gained 3.7months more lifetime during a 3-
year period of follow-up (95% CI [1.4, 5.9]; p= .001) compared with
those under chemotherapy.
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Example 2. Stratified log-rank test for highly stratified data.

Herrlinger et al. [2] reported that lomustine-temozolomide combi-
nation therapy might improve survival compared with temozolomide
standard therapy (p= .0492 from a stratified log-rank test). The mod-
ified intention-to-treat dataset with a total of 109 patients was used to
perform the stratified log-rank test with up to 33 strata grouped by
eleven center-based categories and three classes of recursive parti-
tioning analysis. However, it is well-known that the stratified log-rank
test may suffer from lack of efficiency [9] and power loss [10] when the
stratum size is small (3 to 4 patients per stratum in this study), i.e.,
over-stratification. The test statistic would remain unchanged after the
time point when the stratum only involves patients from one treatment
arm, such that the remaining patients in that arm would make no
contribution to the test statistic [9]. Moreover, a large number of small-
size strata may further deteriorate power due to extreme imbalance in
the number of patients at risk within each stratum [10]. The authors
also conducted supplementary analyses under the unstratified and
small strata cases. Fig. 1a in the Appendix of Herrlinger et al. [2] shows
the Kaplan-Meier curve for overall survival and reports no statistically
significant difference by the unstratified log-rank test (p= .6579) and a
univariate Cox model (HR=0.90, 95% CI [0.58, 1.41]); Fig. 1b dis-
plays the Kaplan-Meier curve under the small strata case using inverse
probability weights with an HR of 0.90 (95% CI [0.47, 1.17]).

We reanalyzed the reconstructed data (from Fig. 3A in Herrlinger
et al. [2]) using the number needed to treat (NNT) and RMST at the
five-year follow-up. The estimated absolute risk reduction at five years
was 3.5% (95% CI, [−17.6%, 24.6%]), corresponding to an estimated
NNT of 29 (95% CI, NNTB 4 to ∞ to NNTH 6), where NNTB (NNTH)
represents NNT to benefit (harm) one patient. Furthermore, there was
no statistically significant difference in overall survival between the two
groups using the RMST-based test (p= .161) and the unstratified log-

rank test (p= .200), which are consistent with the insignificant survival
difference in their supplementary analyses.

Example 3. Dummy coding for ordinal categorical variables in the Cox
proportional hazards model.

Reindl-Schwaighofer et al. [3] reported that genetic mismatch of
non-synonymous single nucleotide polymorphisms (nsSNPs) was asso-
ciated with an increased risk of graft loss with an HR of 1.68 (95% CI
[1.17, 2.41], p= .005) using the Cox proportional hazards model. The
nsSNP mismatch was discretized by quartiles into four groups S1–S4,
which was treated as a single ordinal variable in the reported analysis.
Using such an ordinal-coding variable, the Cox model assumes a same
HR across all adjacent interquartile range (IQR) groups. However, the
Kaplan-Meier curves of four groups crossed as shown in Fig. 3 of Reindl-
Schwaighofer et al. [3] indicating violation of the PH assumption.
Therefore, the interpretation that each increase by a unit of one IQR
had an HR of 1.68 is misleading. A more appropriate approach is to
create three dummy-coding or indicator variables by taking one group
as reference. As in Ovadia et al. [11], two HRs for three bile acid
concentration groups were computed by taking one group as reference.
We reanalyzed the survival data reconstructed from Fig. 3 in Reindl-
Schwaighofer et al. [3] using the log-rank test, Cox model, and RMST,
and the results are summarized in Table 1. A four-sample log-rank test
indicated a significant overall survival difference among the four
groups S1–S4 with p= .003. By taking S1 as reference, step-down tests
identified significant differences between S1 and each of the other three
groups. The HRs between adjacent quartile groups varied from 1.14 to
3.37 which violated the same HR assumption for the ordinal-coding
variable. Dummy coding is recommended for ordinal variables unless
the proportional hazards assumption is satisfied across all groups.

Example 4. Re-analysis of the data of laser peripheral iridotomy for the
prevention of angle closure.

He et al. [4] reported that laser peripheral iridotomy had a sig-
nificant prophylactic effect using the Cox proportional hazards model
with a hazard ratio (HR) of 0.53 (95% CI [0.30, 0.92]; p= .024) and
McNemar's test (p= .0041). For each patient, one eye was randomly
selected for treatment and the other was left untreated. Both eyes were
examined at six pre-specified time points, leading to a pair-matched,
interval-censored study. The trial was extended from 36months to
72months with additional 155 participants due to a low event rate and,
as a result, the significance threshold was adjusted to 0.025. Treating
interval-censored data as right-censored may introduce bias and un-
derestimate the variance, which might result in false positive findings.
We reanalyzed the interval-censored data reconstructed from Fig. 3 of
He et al. [4] using the interval-censored log-rank test [12], RMST and
the Cox model [13]. Using interval-censored data, the log-rank test
(p= .021) still supported a significant difference, while the Cox model
yielded an HR of 0.52 (95% CI [0.29, 0.95]; p= .031), leading to an

Fig. 1. Primary outcome free survival curves (rectangles) using interval-cen-
sored data with dotted lines connecting all diagonal lines of the rectangles.

Table 1
Re-analysis of functional renal allograft survival dataa using the log-rank test, Cox proportional hazards model and restricted mean survival time (RMST)b by taking
S1 as the reference group.

Comparison Log-rank test Hazard ratio Difference in RMST

S2 vs S1 Estimate 95% CI 3.37 [1.09, 10.45] −0.611 [−1.146, −0.075]
p-Value 0.026 0·036 0.025

S3 vs S1 Estimate 95% CI 5.15 [1.73, 15.33] −1.050 [−1.672, −0.428]
p-Value 0.001 0.003 0.001

S4 vs S1 Estimate 95% CI 5.7 [1.94, 16.80] −1.180 [−1.822, −0.537]
p-Value 0.0003 0.002 0.0003

S1–S4 denote four categories grouped by the quartiles of nsSNP mismatch coding for transmembrane and secreted proteins.
a Survival data were reconstructed from Fig. 3 in the original paper [3] using the “digitize” package in R software, version 3.5.1 (R Project for Statistical

Computing).
b The restricted mean survival time was estimated by calculating the area under the Kaplan-Meier curve at the ten-year follow-up using the “survRM2” package.
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insignificant result at the significance threshold 0.025. The survival
curves for interval-censored data display rectangles as show in Fig. 1
and the RMST can be calculated as the area under the curve by con-
necting the diagonal lines of all rectangles. Both differences in 72-
month RMSTs using right-censored data (0.263, 95% CI [−0.434,
0.960]; p= .459) and interval-censored data (0.489, 95% CI [−0.308,
1.287]; p= .229) indicate no treatment benefit. To account for inter-
eye correlations, the multivariate Cox model for pair-matched data
should have been used [14].

2. Discussion

Overall, from the above four recently published studies in The
Lancet, we have identified inappropriate statistical analysis of the data,
while all the misuses of biostatistics can be avoided under close colla-
borations between clinicians and well-trained biostatisticians. Every
clinical trial is equipped with a protocol. The protocol of a clinical trial
provides a comprehensive description of the entire study, which typi-
cally includes a statistical analysis plan (SAP) that details the trial de-
sign (e.g., sample size and power, type I error rate, group sequential
methods and alpha-spending function, Bayesian decision rules), statis-
tical analysis (e.g., hypothesis tests, models and assumptions, treatment
of missing data), analysis of population (e.g., intent-to-treat or per
protocol population, subgroup analysis). Despite the detailed specifi-
cations of statistical methods in the SAP, it may happen that the trial
design is implemented without much care, unexpected events occur
during the course of the trial, and inappropriate statistical analyses are
carried out for the collected data. Simply using convenient statistical
software without careful validation of model assumptions and in-depth
analysis of the statistical issues may not guarantee the soundness of the
data analysis, which may result in false conclusions.
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