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Herein we recount the legacy of Sir David Roxbee Cox (15 July 1924 – 18 January 2022) from the perspective of
practicing clinicians. His-pioneering work in developing the logistic and Cox proportional hazard regression
models revolutionized the analysis and interpretation of categorical and time-to-event survival outcomes in
modern medicine. This legacy is an inspiration for all those who follow on Sir David Cox’s path.

In this editorial we would like to remember the memory of the
recently deceased Sir David Roxbee Cox by reviewing the impact his
contributions have had on medicine. Cox’s legacy in medicine is easy to
trace. It is almost impossible to find an issue of EJIM (or any journal)
without articles built on the methods developed by Cox. The Cox pro
portional hazards model alone has currently received more than 30,000
Pubmed citations and remains a cornerstone of modern health research
[1,2]. Medical research methodology can indeed be divided in two pe
riods: before Cox and after Cox.
The logistic regression approach commonly used today in statistics
and machine learning to model binary outcomes was invented by Joseph
Berkson in 1944 [3] and refined by Cox in 1958 [4]. Binary outcomes
are typically categorical variables with two mutually exclusive levels
such as yes vs. no, or hospitalized vs. not hospitalized. Before logistic
regression, these outcomes were analysed by χ2-tests built on contin
gency tables, or by various other laborious approaches that could not
incorporate in their models multiple predictor variables such as patient
age or comorbidities. On the other hand, logistic regression can predict
the probability of categorical outcomes as a function of several predictor
variables. To name a few examples, the Fine pneumonia severity index,
Clinical Index of Stable Febrile Neutropenia (CISNE), and Simplified
Pulmonary Embolism Severity Index (sPESI) prognostic scales used for
predicting the severity of community-acquired pneumonia, complica
tions of febrile neutropenia in patients with cancer, and mortality in
patients with pulmonary thromboembolism, respectively, were all
developed using logistic regression [5–7]. Cox also developed multino
mial logistic regression in 1966, which allowed outcomes with more
than two categories thus greatly increasing the scope and popularity of
logistic regression models [8].
Linear regression approaches that used a straight line to model the
relationships of predictor variables with an outcome were already
established at the end of the 18th century by Adrien-Marie Legendre and
Carl Friedrich Gauss [9]. However, linear regression does not perform
well with categorical outcomes. For example, if the goal is to assess the

impact of a continuous numerical predictor (age) on a binary dichoto
mous outcome such as the presence or absence of complications (rep
resented mathematically by 0 and 1), the predictions would not be
bounded within the interval between 0 and 1. In his highly influential
1958 paper [4], Cox suggested the use of the non-linear logistic curve
instead of the straight line used in linear regression. The logistic respects
the boundaries of the categorical outcome and can be interpreted by a
parameter called the odds ratio (OR), which is the ratio of the odds of the
outcome (e.g., presence of complications) given one value of a predictor
variable (e.g., age = 40 years old) divided by the odds of the outcome
given another value of the predictor variable (e.g., age = 41 years old).
The odds of the outcome are the probability (P) that the outcome will
occur divided by the probability (1-P) that it will not occur [10]. This
intuitive interpretation of ORs allowed medical researchers to mean
ingfully estimate the strength of the association between different pre
dictor variables and categorical outcomes [10,11] Fig. 1. shows a
concrete example based on the esophagogastric cancer registry AGA
MENON_SEOM in which the binary logistic model allows the proper
estimation of the probability of a binary variable whereas linear
regression violates the axiom that probabilities cannot have values
greater than 1.0 [11,12]. The advent of modern computers facilitated
the use of logistic regression models for predicting two or more cate
gorical outcomes. In 2021 alone, >49,000 PubMed articles used a lo
gistic regression model, and this approach continues to often perform
favorably compared to more modern machine learning techniques [13,
14].
But it was the invention by Sir David Cox of another approach,
known as the Cox proportional hazards regression model, that revolu
tionized the design and interpretation of clinical trials in modern med
icine [1]. The growing popularity of prospective randomized clinical
trials (RCTs) in the 1970s increased the use of datasets with censored
survival data whereby the event of interest, e.g., patient hospitalization,
had not yet occurred for a particular patient during their follow-up time.
The Kaplan-Meier method, described in 1958, allowed the estimation of
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Fig. 1. Comparison of the binary logistic model and linear regression in estimating the probability of a dichotomous variable. The linear regression model wields
invalid probabilities greater 1.0.

such time-to-event outcomes in the presence of censored data [15]. The
logrank test developed by Nathan Mantel in 1966 further allowed the
comparison of such time-to-event outcomes when produced by two
groups such as the treatment group versus a control group [16]. The
logrank test could not be used to model the effect of multiple predictor
variables on the time-to-event outcomes. However, in the same way that
logistic regression solved the problem of incorporating multiple pre
dictor variables that χ2-tests could not do, the Cox proportional hazards
regression approach allowed the use of multiple predictor variables
when comparing time-to-event outcomes that include censored data
[17]. Similarly to how the logistic regression yielded the OR, the Cox
proportional hazards regression allowed the estimation of a parameter
called the hazard ratio (HR), i.e., the ratio of the hazard rates between
different values of the predictor variables. A hazard rate represents at a
particular time the instantaneous rate of a patient experiencing an
outcome, such as death in an overall survival analysis, given that the
patient has not yet experienced the event. The HR obtained from a Cox
proportional hazards regression model is the ratio of the hazard rate for
the outcome given one value of a predictor variable (e.g., age = 40 years
old) divided by the hazard rate of the outcome given another value of
the predictor variable (e.g., age = 41 years old). The time-to-event
outcomes are most commonly assumed to change exponentially over
time, and this corresponds to a hazard rate that stays constant at all
times for each value of a predictor variable.
The Cox proportional hazards regression model subsequently
became the most popular approach for the analysis of survival data in
medicine [1]. This was facilitated by Frank Harrell’s introduction in
1979 of PHGLM [18], which was the first Cox proportional hazards
procedure for the statistical package SAS and a precursor to the
contemporary PHREG procedure. Harrell also wrote LOGIST, the first
logistic regression procedure for SAS [19], and was thus instrumental in
popularizing both of Sir David Cox’s major methodological contribu
tions to medical research. For these, and many other scientific contri
butions, Cox was knighted by Queen Elizabeth II in 1985 and was the
first recipient in 2017 of the International Prize in Statistics, considered
to be the equivalent of the Nobel Prize for statisticians.
The Cox regression approach was further developed by Cox himself
and many others who followed to accommodate more complex scenarios
such as cases when the predictor variables change over time [20], or
when the proportional hazards assumption does not hold [21]. In
medical applications, predictor variables that change over time can
introduce a bias called guarantee-time bias, also known as immortal

time bias, which may be the single most common cause of invalid sur
vival analyses in the medical literature [22,23]. Cox regression models
that account for such time-dependent effects are powerful tools that can
be used to avoid the distorting effects of guarantee-time bias [22].
Another key issue in medical applications is scenarios where the pro
portional hazards assumption does not hold, as is commonly observed in
survival analyses of immune checkpoint therapies in oncology [24,25].
A number of solutions have been proposed for these situations as the
literature on the topic continues to evolve [21,26–28].
On a philosophical level, Cox took a pragmatic and non-dogmatic
view in the 20th century debates between the frequentist and
Bayesian schools of statistics, noting that each approach has its own
advantages and can be useful in solving practical problems: “At a more
theoretical level it is always instructive to compare solutions of related
problems obtained by different approaches or under somewhat different as
sumptions. From this point of view, Bayesian theory is both interesting and
valuable” [29]. The Bayesian approach that Cox is referring to here allow
the estimation of the probabilities, known as posterior probabilities, of
individual events such as the posterior probability that a patient has
breast cancer if she has a positive mammogram. Bayesian posterior
probabilities are naturally applicable to clinical decision-making
because clinicians and patients can directly use them when consid
ering risk-benefit trade-offs [11]. Estimation of posterior probabilities
always requires us to first specify what the prior probability is, which is a
complex task [30]. Since prior probabilities are assumptions, they can
lead to invalid or misleading conclusions when they are misspecified
[31]. Conversely, the frequentist approach at its most pure form denies
any meaning to probabilities of individual events and uses only proba
bilities that are relative frequencies of events, such as the proportion of
women sampled from the same population as our patient who were
diagnosed with breast cancer after having a positive mammogram [32].
Bayesian and frequentist approaches are valuable complementary
methods of inference that can help us analyze concrete clinical problems
[33]. In his practice, Cox mainly used frequentist approaches but was
open to Bayesian decision-making if needed. This ecumenical approach
allowed him to note key limitations of the frequentist Neyman-Pearson
decision-making system: “… I felt that various aspects of the
Neyman-Pearson theory (choose alpha, choose a critical region, reject or
accept the null hypothesis, give a rigid procedure), that this isn’t the way to do
science” [34]. His-inclusive and pragmatic philosophy was summarized
in his 1977 lecture to the Statistical Society of Australia, which called for
an eclectic view enriched by knowledge gained from each of what he
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categorized as the three broad approaches to statistical inference: sam
pling theory (frequentism), pure likelihood, and Bayesian [35].
In terms of his human values, Sir David Cox was known for his in
tellectual humility, as often recounted by all of our colleagues who have
had the honor of meeting him. He often recalled his errors of judgement,
or the times he had given up on solving a problem [34]. In his old age, he
wondered whether he had tried hard enough according to his abilities.
David Cox had tackled a wide range of problems, from industrial ap
plications to theoretical work, in disciplines ranging from psychology to
social science, astronomy and physics. His-work helped catalyze all
these disciplines. He wrote >300 articles and >20 books and
single-handedly changed the course of medicine. For practicing clini
cians, the legacy of Sir David Cox is the history of our profession.
Knowing it allows us to understand our present and steadfastly build our
future with humility and scientific rigor.
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