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A B S T R A C T   

There has been a growing realization, based on emerging evidence from the point of care, that real-world out-
comes of patients with cancer are often inferior to those reported in conventional clinical trials. This phenom-
enon can be attributed in part to deficits in external validity that are present in many studies. Several factors 
contribute to external validity deficits, including: narrow eligibility criteria; differences between protocol- 
specified procedures and routine care; and inadequate access to clinical trial participation among underrepre-
sented and socioeconomically disadvantaged groups. As a result, the current body of clinical evidence derived 
from conventional clinical trials can be inadequate to inform patient-specific treatment decisions at the point of 
care. Furthermore, lack of practical guidance on how to evaluate the impact of external validity deficits can 
impede both the design of more generalizable clinical trials and efforts to personalize treatment decisions for 
individual patients. In this methodological review, we suggest an approach to aid clinicians in such evaluations, 
providing visual and quantitative methods for assessing the magnitude of, and adjusting for, the impact of 
external validity deficits in conventional clinical trials. Our methods and visualizations have broad applicability 
across important areas of real-world medical decision-making and research, providing opportunities to design 
clinical studies that are more reflective of the diverse needs of patients with cancer, including those excluded 
from traditional clinical trials due to narrow eligibility criteria, socioeconomic disadvantages, and other systemic 
barriers to equitable access to healthcare resources.   

1. Introduction 

Promising new anticancer therapies can fail real-world patients, 
despite performing well in clinical trials. A major contributing factor to 
the mismatch between clinical trial and real-world patient outcomes can 
be traced to underrepresentation of key patient groups in conventional 
cancer clinical trials. These mismatches often arise from external validity 
deficits in conventional clinical trials, which can compromise the 
generalizability of the reported results and efforts aimed at evidence- 
based personalization of treatment decisions at the point of routine 
care [1,2]. External validity deficits disproportionately impact under-
represented populations and can amplify existing health inequities in 
historically underserved groups. 

This methodological review examines several drivers of external 
validity deficits in conventional cancer clinical trials and provides a 
practical framework for reinterpreting reported results in the context of 

a specific patient. We focus on some of the fundamental factors that can 
reduce external validity and provide intuitive examples and tools to 
improve treatment personalization. Rather than relying on mathemat-
ical equations, we make use of intuitive graphical representations to 
interpret reported clinical trial treatment effects but which avoid the 
need for memorization or expertise in mathematics or biostatistics. We 
demonstrate our visual approach through examples in which applying 
the framework can improve estimation of the likelihood that an indi-
vidual patient would benefit from specific treatments. We also suggest 
practical solutions for addressing external validity deficits in cancer 
clinical trial design. 

1.1. Background 

The processes and procedures governing the conduct of conventional 
clinical trials are rooted in the principles of controlled empiricism, 
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derived primarily from James Lind's famous scurvy trial in 1747. His-
torically, these principles served to ensure internally valid study designs 
during a time when widespread collection and analysis of detailed pa-
tient data was not generally feasible. This highly refined empirical focus 
has leveraged foundational statistical principles that provide a blueprint 
for controlling for alternative explanations of treatment effects, thereby 
permitting causal inference in interventional studies. Since that genesis 
three centuries ago, there has been great progress in improving the 
ethical standards of clinical research, largely in response to events that 
took place during World War II and in subsequent years [3,4]. In 1978, 
the seminal Belmont Report5 formalized a number of key principles for 
ethical conduct of clinical research. Among them is the principle of of 
Justice, which states: 

“justice demands … that [research on development of therapeutics] 
not provide advantages only to those who can afford them…” [5] 

Despite significant advances in ensuring ethical conduct of clinical 
research, progress in developing more informative and inclusive clinical 
trial designs has been slow and characterized by methodologies that do 
not take advantage of the latest advances in data science, machine 
learning, and health information technologies. The result has been a 
widening gap between real-world standards of care and clinical trial 
procedures in support of the safety and efficacy of anticancer therapies. 
This gap is a byproduct of standard practices in conventional clinical 
trials such as the use of narrow inclusion criteria and the centralization 
of study operations to a small number of highly specialized sites [6]. 
Although strict eligibility criteria can be an effective means of control-
ling for confounding variables, they often lead to enrollment of research 
participants who are substantially more homogeneous than real-world 
patient populations in important ways (Fig. 1). 

Such differences can substantially undermine the generalizability of 
clinical trial results, creating challenges for oncologists committed to 

delivering evidence-based and personalized treatment decisions. To-
day's conventional standards can lead to systemic barriers that are 
evident in the make-up of participants in conventional cancer clinical 
trials, which disproportionately affect individuals who are older, iden-
tify as female or non-binary, and members of historically underrepre-
sented racial and ethnic groups [7–9]. For example, in a recent renal cell 
carcinoma trial the participants were overwhelmingly White or Asian, 
despite the fact that about 12% of the estimated real-world population of 
renal cell carcinoma patients are identified as Black [10,11]. This sug-
gests that Black patients were underrepresented in the study by at least 
95% (i.e., a factor of 20) relative to the group's true representation in the 
broader real-world population. Evidence of systematic underrepresen-
tation of certain racial and ethnic groups in cancer trials is widespread 
[12]. This is particularly notable since race and gender are commonly 
highlighted as key determinants of morbidity and mortality in the 
general population. In recent years, regulatory authorities have been 
increasingly focused on improving diversity in clinical trials as demon-
strated by decisions like the U.S. FDA's recent stance against an immune 
checkpoint inhibitor for lack of diversity of the enrolled patients [13]. 

External validity deficits resulting from underrepresentation of key 
patient groups can not only compromise regulatory approval but, more 
importantly, negatively influence health outcomes [14–16] by limiting 
the cumulative body of evidence available to oncologists for making 
individualized treatment decisions. Even when the effectiveness of an 
intervention is heterogeneous across subpopulations, restrictive inclu-
sion criteria can confound the clinical relevance of reported results, 
leading to variability in real-world effectiveness [17,18]. Moreover, 
while there is widespread recognition that clinical trial designs can in-
fluence the end results, much of the focus has centered on differences in 
composition between treatment and control groups within a study, while 
less attention has been given to the degree either group represents the 

Fig. 1. Schematic representation of distor-
tions in trial population due to exclusions. 
Upper left: True patient population 
composed of heterogeneous patients of 
groups A, B, and C in roughly the same 
proportions as shown in Table 1. ① Upper 
right: Exclusion criteria (e.g., based on 
comorbidities, lifestyle factors, access, etc.) 
are introduced that reduce the patient pop-
ulation to a smaller, eligible population. The 
criteria affect the different patient groups to 
different degrees. ② Lower right: From the 
eligible population a trial cohort is 
recruited. ③ Lower left: Assumed real-world 
population by trial. Using the distribution of 
the trial cohort, we can infer what the 
characteristics of the full population would 
need to be in order to be consistent with the 
trial cohort. Comparing the upper and lower 
left frames highlights the differences be-
tween the trial-implied patient population 
and the true patient population: patients 
from patient groups C and A are over- 
represented, while those from patient 
group B are under-represented.   
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actual real-world patient population. For example, in one meta-analysis 
of 283 published studies, fewer than half of all identified exclusion 
criteria were considered “strongly justified” and over 84% of the studies 
included at least one “poorly justified” exclusion criterion [19]. 

Taken together, external validity deficits in conventional cancer 
clinical trials can result in critical gaps in clinical evidence on important 
patient groups. Such gaps may explain why oncologists often resort to 
anecdotal evidence and clinical intuition rather than the published re-
sults of clinical trials for a substantial proportion of treatment decisions, 
despite diligent efforts to develop evidence-based guidelines. 

1.2. Logical explanations and practical guidance 

To date, methods based on Bayes' theorem that underlie the ap-
proaches presented here have traditionally been underutilized, often 
due to expositions that rely on unfamiliar mathematical notation and 
formulas that can be unintuitive to clinical researchers and practicing 
oncologists. The impact of aversion to Bayesian formalism has been 
highlighted as an impediment to achieving the goals of personalized 
medicine [20]. Fortunately, the methods we describe here provide an 
alternative to the mathematical application of Bayes' Theorem in a 
manner that is easier to understand and implement by non-
mathematicians. These methods only require basic arithmetic and can 
be performed easily by hand or electronically without the need for any 
specialized tools. 

Because of their intuitive framing, these methods can help to 
empower clinicians and researchers to extrapolate the results of con-
ventional clinical trials to real-world patients as effectively as equation- 
heavy mathematics. 

In this review:  

! We highlight several reasons that the real-world effectiveness of 
cancer treatments often deviates from the results reported in trials, 

! We show that even without heterogeneous effectiveness across sub-
populations, substantial discrepancies between internal and external 
validity can result from many common trial designs, and  

! We discuss how new clinical trial designs can address a number of 
the external validity deficits that persist in conventional clinical 
trials [21,22]. 

1.3. Changing the “oracle to recipient” paradigm 

The traditional arms-length approach to clinical research and 

subsequent clinical application can be described as “oracle” (researcher) 
to “recipient” (clinician) paradigm. This paradigm casts researchers as 
the owners and stewards of statistical data and scientific findings and 
physicians as the recipients of this handed-down knowledge. This 
approach often leads to complexities in real-world practice of medicine 
as it relies on narrowly-defined (by the oracle) patient populations and 
research designs that may be removed from standard practice. 

Today, clinicians are expected to accept clinical trial results largely 
at face value, especially regarding results in support of drug approval 
decisions. Most formal recommendations and treatment guidelines rely 
on the same body of evidence, in addition to the published literature 
which routinely omits negative studies [23–25]. 

However, the clinician at the point of care typically understands the 
specifics of their individual patients at a much more granular level than 
the population based approach represented as averaged treatment ef-
fects in clinical trial results. Real-world patients are characterized by a 
constellation of factors and covariates that treating physicians may 
consider important to treatment decisions, but which have not been 
included in a trial design. 

Patient characteristics that are of known prognostic value can be 
used as stratification variables in randomized clinical trials or used for 
subgroup analyses and post hoc statistical modeling. However, most 
conventional study designs only include a limited number of prognostic 
variables in their stratification schemas, which can limit the ability of 
physicians to consider adjustments for patient-specific characteristics 
and comorbidities in making personalized treatment decisions. 

Improving cancer care quality and patient outcomes requires reim-
agining conventional practices in the clinical trial enterprise, including 
making better use of real-world data reflecting the true experience of 
patients with cancer. In the interim, the methods we describe can help 
bridge the validity gap between reported trial results and real-world 
patient outcomes. 

2. Materials and methods 

We demonstrate our main results graphically, rather than through 
mathematical equations, using intuitive tree representations that are 
nonetheless equivalent to the corresponding mathematical equations. 
Our methods provide a simple framework to evaluate the impact of 
external validity deficits by informing both clinical trial designs and 
treatment decisions in an accessible manner for physicians unfamiliar 
with probability calculus. 

Fig. 2. Conceptual schematic of sources of effect- 
size-estimates variability in clinical trials. 
Error Class 1 – Effect size: results from statistical 
variability; typically adjusted for by a) powering 
study with an adequate sample size given anticipated 
effect size and b) setting an “acceptable” threshold 
for rejecting the null hypothesis (e.g., " ! 0.05) Error 
Class 2 – Unknown unknowns and misspecification: 
results from the impact of unknown confounders 
which may lead to differences between the sample 
and the sampling frame. This is a theoretical error 
that can only be identified (and possibly adjusted for) 
post-hoc following discoveries that lead to improved 
understanding of new clinically relevant patient and 
disease characteristics. Error Class 3 – Sampling frame 
error: results from measurable and known differences 
between the eligible patient population and the real- 
world patient population.   
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2.1. A decomposition of the drivers of clinical trial errors 

We outline three classes of errors that can contribute to external 
validity deficits in clinical trials (Fig. 2) and highlight the impact of 
sampling frame errors (Class 3 in Fig. 2) when recruitment is driven by 
excessively narrow eligibility criteria. 

2.2. Fundamental drivers of gaps between external and internal validity 

External validity deficits can arise when the following three condi-
tions1 are present [26]: 

1. differential treatment effectiveness from one clinical site or treat-
ment group to another,  

2. differing probabilities of participation in a clinical trial group (e.g., 
due to inclusion or exclusion criteria), and  

3. positive correlation between treatment effect and the probability of 
trial participation 

While these are sufficient conditions to compromise validity, our re-
sults demonstrate that they are not all necessary conditions. For example, 
gaps in external validity can arise even when condition 1 does not hold. 
As a result, external validity can be compromised even when treatment 
effects are not heterogeneous across patient populations. 

2.3. Tree representation 

We make use of tree representations as intuitive tools for under-
standing and adjusting trial populations and the associated probabilities. 
To familiarize readers with this representation, we begin by presenting 
the most basic form of a tree and show how such a representation may be 
used to perform a variety of calculations using basic arithmetic. (In the 
Appendix, we provide the equivalent mathematical formalism for 
exposition and completeness, though these are not required to apply the 
graphical framework). 

Consider a very simple tree (Fig. 3 (a)). We use N to indicate the total 
number of patients tested for a disease, N" to indicate the total number 
of patients testing positive for the disease, and N# to indicate the total 
number of patients testing negative for the disease. 

Thus, we can make a first-order estimation of disease prevalence in 
this population as N"/N. 

2.3.1. Example 1: A trivial tree 
The tree shown in Fig. 3 (b) plugs in example values for a population 

of 1273 patients, 237 of whom are diagnosed with a condition of in-
terest. From this tree, we can estimate the prevalence as: 

prevalence ! Positive
Positive " Negative ! 237

237 " 1! 036 ! 18"6% 

While the tree in Fig. 3 is trivial, combinations of trivial trees can 
accommodate graphical representations of complex problems, often 
without the need for additional formal mathematical notation or oper-
ations. By “drawing” a tree, one can perform the same analysis for a 
patient as would otherwise involve conditional probability calculations. 

3. Results 

Our results involve demonstrations, through stylized examples such 
as Example 1, that show how more involved trial designs can be rep-
resented as combinations of simple trees. 

For illustrative purposes in our examples, we consider a hypothetical 
malignancy with the prevalence and case-fatality rates shown in Table 1. 

As shown in Table 1, we assume for ease of exposition that there is 
only a single characteristic of the trial population (in this case race) that 
is discordant with the real-world population. 

In what follows, we make the simplifying assumption that there are 
only three broad categories of this characteristic. Although we have 
chosen the term race as a familiar label in order to demonstrate the 
impact of exclusions along a multinomial factor, the phrase refers to a 
self-reported or observed metric that is subjectively defined. Histori-
cally, race has been used as a coarse term to describe arbitrary combi-
nations of ethnic geographic, phenotypic and genetic characteristics 
with little objectively reproducible scientific justification. There has 
been increasing awareness of this mismatch, even in popular press [27]. 

3.1. Setup for more realistic illustrative examples 

In the next three examples, adapted from Bohn and Stein (2009) 
[28], we consider trials for a hypothetical new candidate therapy 
developed to treat the hypothetical malignancy presented in Table 1. 

We consider the study arm of a clinical trial undertaken to test 
whether treatment with a new investigational agent improves patient 
outcomes relative to the control arm. The example study has recruited 
2000 patients with the hypothetical malignancy, 1000 each in the 

Fig. 3. A trivial tree to calculate the prevalence of a diseases for a sample of 
patients. 
Left (a): Schematic representation showing the total number of patients (N) and 
the total number patients who have positive and negative statuses for the 
condition. (N" and N", respectively). Right (b): Application of the tree for 
calculating the prevalence rate in Example 1. 

Table 1 
Assumed baseline prevalence and mortality rates for the hypothetical condition 
in Examples 2 – 5.   

C B A TOTAL 

Demographics and prevalence 
Proportion of US General Population (GP)* 73.6% 12.6% 5.1%  
Prevalence of condition 2.00% 6.0% 0.5%  
Patients per 100,000 in GP 1472 7586 26 2254 
(100,000 $ proportion $ prevalence)     
Patient population 65.3% 33.5% 1.1%  
Mortality and fatality rates 
GP cause-specific mortality rate** 1.50% 1.0% 0.4%  
Case-fatality rate*** 

(prevalence/Case-fatality rate) 
75.0% 16.7% 80.0%  

Hypothetical Clinical Trial in Example 2-4 
Proportion of Trial Population (TP) 70% 0% 30.0%  

C!White American, B ! Black/African American and A ! Asian American. 
* Approximate, based on US Census Data. 
** Percentage of individuals dying of condition in entire population. 
*** Percentage of infected individuals dying of condition, once infected. 

1 More formally,  

1. % j &! i: ei &! ej,  
2. % j &! i: pi &! pj; and  
3. Cor(eij, pi) &! 0,where,ei: the effectiveness of an intervention for group i; 

andpi: is the probability of inclusion in the trial.We might denote (2) as:pi &!
Pi, where Pi is the proportion of the real-world patient population repre-
sented by group i. 
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treatment and control arms.2 Because the selection criteria for the trial 
are restrictive, the study's patient population does not match the general 
patient population and is distributed as shown in the last row of Table 1. 

3.2. Example 2: Determining the expected efficacy of a treatment in the 
real world 

As in Example 1, we begin by computing the unconditional two-year 
case-fatality rate3 using a tree (Fig. 4): 

Tree representation showing the total expected case-fatality rate, per 
100,000 individuals, based on the hypothetical information shown in 
Table 1. The case-fatality rate is the sum of all Deceased nodes divided 
by the total number of Diagnosed nodes. (A ! Asian American, B !
Black/African American and C!White American). 

Once we have populated the tree using the data in Table 1, we sum 
the values of all Deceased nodes and divide this aggregate by the total 
number of individuals in the Diagnosed patient population: 

Case fatality rate ! 1! 104 " 126 " 5
2! 254 ' 55"5%"

Thus the case-fatality rate in this example is 55.5%. 

3.3. Example 3: Investigational agent exhibits homogeneous efficacy 
across subpopulations 

We next consider the effect on this population of intervention with 
the candidate therapy. In this example, we assume there is no differ-
ential in effectiveness across racial groups (we relax this assumption in 
Example 4) and that the true effectiveness of the treatment is that it 
produces a 10% relative reduction in the case-fatality rate in all three 
racial subgroups (Fig. 5 (a)). 

To keep the tree compact, we only show the Deceased nodes (recall 
that each arm of the study includes 1000 patients). 

The expected number of negative outcomes for the hypothetical 
condition are described in column (b) of Table 2 based on the reported 
results of a clinical trial, with the patient population shown in Table 1. 
The trees show the outcomes (a) based on the reported results of a 
clinical trial for a new candidate therapy and (b) that are expected for 
real-world for patients. We show only the Deceased paths for this 
calculation. In this example, we assume that the efficacy of the treat-
ment is homogenous across patient subpopulations and has a true effect 
of producing a 10% reduction in the case-fatality rate for the treated 
group (right of each tree) vs. the untreated group (left of each tree). The 
case-fatality rate is the sum of all Deceased nodes divided by the total 

number of Diagnosed nodes. 
We apply the same approach used in Example 2 to calculate the case- 

fatality rate for the trial control and the treatment arms: 

case# fatality rate : no treatment ! 525 " 0 " 240
1000 ! 76"5%"

and 

case# fatality rate : treatment ! 473 " 0 " 216
1000 ! 68"9%"

This suggests an absolute risk reduction of (ARR) of 7.6% and a 
number needed to treat (NNT) of approximately 13 in the trial popula-
tion (Table 2(a)). 

The results of this hypothetical trial are not directly applicable to the 
general patient population, though, due to differences between the 
characteristics of the restricted trial population and real-world patients. 
As a result, if the treatment were given to the general patient population, 
the real-world patient outcomes would be expected to be different. 

For instance (Fig. 5 (b)), for every 2000 patients in the real-world, we 
would have: 

case# fatality rate : no treatment ! 490 " 56 " 9
1000 ! 55"5%"

and 

case# fatality rate : treatment ! 441 " 50 " 8
1000 ! 49"9%!

which implies an ARR of only 5.6% or an NNT of approximately 18 
(Table 2 (b)). Such a difference in outcomes in the general population 
versus patients enrolled in the trial indicates poor external validity of the 
hypothetical clinical study. The restrictive inclusion criteria resulted in 
reported ARR and NNT estimates that were at substantial variance to the 
of patient outcomes in the real-world. 

3.4. Example 4: Differential treatment effectiveness across subgroups 

We now relax the assumption that there is no differential in effec-
tiveness across patient groups, assuming that the true real-world effec-
tiveness of the investigational agent is that it produces a 10% relative 
reduction in mortality in the C and A diseased populations, as before, but 
that it has no effect in the B diseased population (Fig. 6 (a)). (This is 
similar to the case discussed in Weisberg, et al. [14] and Cole and Stuart 
[18].) 

The expected number of negative outcomes for the hypothetical 
condition are described in column (c) of Table 2 based on the reported 
results of a clinical trial, with the patient population shown in Table 1, 
for a new candidate therapy. The trees in Fig. 6 show the outcomes (a) 
based on the reported results of a clinical trial for a new candidate 
therapy and (b) expected for real-world patients. In the figures, we show 
only the Deceased paths. In this example, we assume heterogeneity 
across patient subpopulations with a 10% reduction in mortality for 
patients in the A and C subgroups, but no effect for those in the B sub-
group. As before, the case-fatality rate is the sum of all Deceased nodes 
divided by the total number of Diagnosed nodes. (C ! White American, 
B ! Black/African American and A ! Asian American). 

If the treatment were now given to the general patient population, 
the external validity would be even lower than in the previous example: 
for every 2000 patients, we now have (Fig. 6(b)): 

patient case fatality rate untreated ! 490 " 56 " 9
1000 ! 55"5%"

and 

patient case fatality rate treatment ! 441 " 56 " 8
1000 ! 50"5%!

2 Alternatively, e.g., an infectious disease specialist might imagine that the 
test is for a vaccine to protect against a specific deadly disease such as COVID- 
19, and that the recruited patients are from the general population, but have 
neither presented with the condition at the start of the study, nor tested positive 
for the serological biomarkers associated with it.  

3 It is more typical in oncological clinical trials to measure, e.g., mortality in 
terms of a time-to-event endpoint such as overall five-year survival or 
progression-free survival. However, for expediency, in the examples in this 
article, we have chosen to describe the outcome of the hypothetical trials as a 
simple case-fatality rate, which also makes the generalizing the discussion 
easier for non-oncologists in generalizing the presentation. For example, one 
might replace the label “survived” in Fig. 3 with “five-year progression-free 
survival” to conform. More generally, the cumulative probability function is 
isomorphic to the survival function (subject to censorship adjustments), so the 
cumulative probability of a patient dying by time T can be written as P(tD < T) 
! 1-S(T), where P(tD < T) is the probability that a patient dies before time T 
and S(T)is the (progression-free) survival through time T; and where tD and T 
are conventionally measured with respect to the start of the study. The estimate 
of S(T) would typically accommodate censorship due to dropouts, etc. Note, 
however, that some calculations do not translate directly from probability 
representations to survival and hazard-rate representations. 
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which implies an ARR of only 5% or a NNT of approximately 20 (Table 2 
(c)). 

In summary, the table presents the number needed to treat (NNT) 
and absolute risk reduction (ARR ! 1/NNT) for a clinical trial with 
restrictive exclusion criteria that result in unrepresentative trial popu-
lation demographics of [30%: 0%: 70%] for subpopulations A, B and C, 
respectively (A ! Asian American, B ! Black/African American and 
C!White American) vs. the real-world patient population of [1.1%: 
33.5%: 65.3%] as shown in Table 1, respectively. The reported trial re-
sults in Table 2, column (a) are uniformly more favorable than the ex-
pected results for the real-world patient population even when there are 
no differences in the effectiveness of the therapy across groups (Table 2, 
column b); andthe reported trial results are very much better than what 
patients will likely experience if there were differentials in efficacy 
across groups. In the case shown here, the treatment results in either a 
10% reduction in mortality for all patients (Table 2, column b); or a 10% 
reduction in the case-fatality rate for those patients in subgroups A and 
C, but no effect for those in subgroup B.(Table 2, column c). The per-
centage differences in NNT ([trial NNT/real NNT]-1), relative to the 
reported trial results, are shown in brackets next to the NNT for the real- 
world settings. 

From Table 2 (c), we can see that the true number needed to treat in 
the real world is more than 50% higher than that reported in the clinical 
trial. 

Note that equivalent but more compact results for those in this sec-
tion can be obtained mathematically, including adjustments to reported 
results for specific patients. (See the Appendix.) 

4. Discussion 

External validity defecits in conventional clinical trials dispropor-
tionately affect underrepresented populations and can amplify health 
inequity in historically marginalized groups, including certain ethnic 
and racial groups, those who identify as non-binary, the socioeconom-
ically disadvantaged, the elderly, and those with multiple comorbidities. 
Implicit in this exclusionary paradigm is the notion that conventional 
clinical trials favor internal validity over external validity. This leads to 
potentially high variability in realized treatment effects at the point of 
routine care in real-world patient populations. 

Biases arising from external validity deficits (Class 3 errors) are often 

ignored in the empirical literature, but they can introduce important and 
systematic inequalities in real-world treatment patterns. These tradi-
tionally unmeasured biases can materially affect the ability of clinicians 
to apply reported clinical trial results to support personalized treatment 
decisions at the point of routine care. Despite their ubiquity, there is 
often little justification to support the standard practice of imposing 
narrow eligibility criteria in conventional clinical trials, given the 
emerging evidence that suggests the lack of strong justification for the 
majority of the commonly-used exclusion criteria [19]. Overly restric-
tive exclusion criteria, especially when poorly justified, negatively 
impact downstream decision-making at the point of routine care by 
limiting treating physicians' ability to extrapolate the reported results to 
real-world patient populations. 

In contrast, broadening eligibility criteria in clinical trials can not 
only make the resulting evidence base more generalizable and inclusive, 
it can also lead to substantial improvements in clinical trial recruitment, 
especially in the areas of rare diseases and advanced malignancies [31]. 
Although the value of having representative samples in empirical studies 
is increasingly recognized, there is less emphasis on the statistical 
importance of recruiting population-representative patients in clinical 
trial designs, especially in alleviating the health disparities and in-
equities in outcomes [12]. 

Our examples examined a hypothetical clinical trial in which pa-
tients from three different racial groups (A, B, and C) were enrolled. This 
simple set of examples demonstrate that variability between reported 
and real-world treatment effects can arise under two plausible settings of 
homogeneous or differential treatment effects. Our analyses indicate that 
clinically significant variability between estimated trial and real-world 
treatment effects can occur in either of these settings, as evidenced by 
material differences in the reported versus expected real-world AAR and 
NNT. 

In our examples, we restricted the source of variability to under-
representation of important subpopulations arising from either clinical 
trial design flaws or unequal access to study participation. However, our 
methods generalize to other exclusionary factors such as the presence of 
comorbidities. 

The underrepresentation of broad segments of the patient population 
in our examples translated into lower-than-reported expected treatment 
benefit in real-world patient populations, even when there was no dif-
ference in effect size across groups. We showed an even greater 

Fig. 4. A tree to calculate case-fatality rates for the hypothetical condition (Example 2).  
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reduction in clinical benefit when there were differential treatment ef-
fects. It is important to note that the converse can also be true: due to the 
standard practice of imposing narrow eligibility criteria, Class 3 errors 
can as easily understate the effectiveness of the same treatment, making 
it more likely that some patients would not receive potentially beneficial 
treatments. 

A promising strategy for reducing Class 3 errors is to leverage real- 
world data from sources such as electronic health records (EHRs), in-
surance claims, and mobile biometric sensors to capture the experiences 
of patients not typically represented in traditional cancer clinical trials. 
Several recent studies have demonstrated the utility of EHR data for 
demonstrating differences between real-world and conventional clinical 
trial patient populations and for estimating differences in outcomes 
arising from such gaps [21,32]. Although the bulk of real-world data 
today is still generated retrospectively using resource-intensive pro-
cedures, there has been an increasing shift towards prospective collec-
tion of real-world data that can support pragmatic and decentralized 
clinical trials [33] while capturing patient-reported outcomes at the 
point-of-care [34]. Recently, disruptions to clinical trial operations due 
to the COVID-19 pandemic have brought to light the limitations and 
frailty of the analog fabric of the clinical research enterprise. This nat-
ural experiment has led to important insights, serving as a catalyst for 
modernizing clinical research at scale. 

The rapidly evolving global clinical trial ecosystem is poised to 
transition into a more patient-centered and distributed framework 
capable of capturing the experience of diverse patient populations. 
These secular trends, coupled with more informed analyses at the point 

Fig. 5. Trees to calculate the case-fatality rate of clinical trial (a) vs. the real-world (b) when there is no difference in efficacy across patient sub-populations 
(Example 3). 

Table 2 
Numerical comparison of absolute rate reduction (ARR) and number needed to 
treat (NNT) for hypothetical trial with restrictive exclusion criteria vs. the real 
world for different treatment effect regimes and a true treatment effect of 10% 
reduction in mortality for responding patients (Examples 2–4).   

Trial Real World  

(a) 
Treatment effect in trial 
population restrictive with 
restrictive exclusions 

(b) 
Outcomes for real 
patients if treatment 
has the same effect 
for all patients 

(c) 
Outcomes for real 
patients if treatment has 
differential effect 
for patient groups 

AAR 7.6% 5.6% 5.0% 
NNT 13 18 ["39%] 20 ["54%]  
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of care, can empower researchers and clinicians to design more inclusive 
clinical trials in support of highly personalized decision making that can 
not only reduce the burden of cancer on society but also provide support 
for addressing existing inequities in health outcomes [33]. 

Author contributions 

Both authors contributed equally to this paper. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial 

interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Data availability 

No data was used for the research described in the article. 

Acknowledgements 

We are grateful to Amy Abernethy, Daniel Arbess, Brian Alexander, 
David Katz, Robert Miller, Neil Kumar, and Nicole Walden for valuable 
comments on this article. All errors are our own.  

Appendix A. A general analytic result using Bayes theorem 

In examples 2–4, we used tree representations to calculate internal and external effectiveness of a treatment, based on reported clinical trial results. 
Such trees can be shown to be equivalent to the more familiar and compact mathematical representations, presented below. 

Bayes' Theorem gives: 

P(A)B* ! P(B)A*P(A*
P(B* ! (1) 

where, 

Fig. 6. Trees to calculate the case-fatality rate of clinical trial vs. the real-world in the case that there are differences in efficacy across different patient sub-populations 
(Example 4). 
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P(x* : the probability of event x occurring;

P(x)y* : the probability of event x occurring given that y is observed"

For more in-depth analyses, we note that the chain rule permits us to calculate joint probabilities based on their conditional products: 

P(An!…!A1* ! P(An)An#1!…!A1*#P(An#1!…!A1*" (2) 

In our context, we wish to find the conditional case-fatality rate. We assume that due to the conditions described earlier (including strict eligibility 
criteria), the trial patient population does not match that of the general patient. 

Thus, if we wished to determine the probability of a patient dying, given that they were given a certain treatment, this becomes: 

P(death ) treatment* ! P(treatment ) death*P(death*
P(treatment* "

In the case of a trial, this would be: 

P(death ) treatment* ! (dT#D* $ (D#N*
(nT#N*

" (3)  

and, 

P(death ) placebo* ! (dP#D* $ (D#N*
(nP#N*

" (4)  

where 

nP : total number of patients receiving the placebo in the trial;

nT : total number of patients receiving the treatment in the trial  

dP : total number of deaths in the placebo group  

dT : total number of deaths in the treatment group  

N : total number of patients enrolled in the trial ! nT " nP  

D : total number of deaths in the trial ! dT " dP"

Note also that, for convenience, we have written the Eqs. (3) and (4) in terms of rates. These may, of course, be simplified. (e.g., trivially, 

P( death)treatment* !
!dT

D
"
$ (D

N*
(nT

N *
! dT

nT
"Note caveats in Example 4.) 

A.1. Example 5: Investigational agent exhibits homogeneous efficacy across subpopulations (again, but using mathematical notation) 

Using Eq. (3), we may recalculate the results obtained in Example 3 more compactly (see Fig. 5 (a) for background): 

nP ! 1! 000  

nT ! 1! 000  

dP ! 765  

dT ! 689  

N ! 2! 000  

D ! 1! 454 

So, 

P(death ) treatment* ! (689#1454* $ (1454#2000*
(1000#2000* ! 0"474 $ 0"727

(0"5* ! 0"689 

which corresponds to the result we obtained using the tree approach. 

A.2. Calculating real-world efficacy from reported trial results 

We can derive the implied real-world efficacy of a cancer treatment (or investigational agent) analytically from the reported trial results for cases in 
which the distribution of patient profiles in the sampling frame is not representative of the real-world patient population. 

Under certain conditions (e.g., where there is no heterogeneity in effectiveness across subpopulations), we can derive a first-order approximation 
to translate the reported efficacy of a treatment in the trial to the likely effectiveness of the treatment in the real world. (We stress the first-order nature 
of this result as it treats the reported statistics as deterministic rather than as random variables, thus excluding higher-order effects). 

In the case of a binary outcome (e.g., survival) we can derive the probability of a fatal even in a treated real-world patient, PR(treatment), given a 
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reported trial outcome, PR(treatment) as: 

PR(d ) t* ! PR(d*
PT(d ) t*+1 # PT(d* ,

PT(d* # (PT(d ) t*PT(d* * " (PR(d*PT(d ) t* * # ((PT(d*PR(d* *
"

where 

PT(#* - the probability of an event in the trial population  

PR(#* - the probability of an event in the real#world population  

d - death  

t - treatment"

It is important to note this approximation only holds under the assumption that the proportion of the real-world population receiving the treatment 
is small.4 

In the case of heterogeneous treatment effectiveness across the general patient population, a more involved treatment is required (see footnote 5).5 
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