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10 Forms of Extrapolation 
in Molecular Medicine

Pierre-Luc Germain and Tudor Baetu

abstract

Biomedical research is built upon inferences transposing knowledge across 
systems–be it across species, between an experimental system and another, or 
from controlled clinical studies to routine healthcare contexts. While the notion 
of extrapolation received increasing attention in the recent philosophical litera-
ture, extrapolative inferences having distinct epistemic aims are often conflated 
together, thus making it difficult to assess the validity of such inferences. In this 
paper, we begin by characterizing the general form of extrapolations, whose 
structure and components allow a careful and systematic dissection of distinct 
types of extrapolations, highlighting the specific aims, methods and challenges 
associated with each type of extrapolation. Finally, we show how some con-
temporary research practices can challenge the boundaries of this classification, 
pointing to the need to consider extrapolations in their general form.

1 Introduction

In biological and biomedical research, the notion of extrapolation is intimately 
linked to the problem of generalizing or applying findings and results obtained 
by studying one biological system to other biological systems. Perhaps the most 
widely recognized and discussed type of extrapolation in the philosophical lit-
erature refers to the translation of the results of basic science to clinical prac-
tice (Bolker 2009; Howick et al. 2013; LaFollette and Shanks 1996; Shanks 
et al. 2009; Steel 2007). For instance, basic science can demonstrate that an 
antiviral treatment reduces the viral load in simian immunodeficiency virus 
(SIv)–infected rhesus monkeys, that an anticancer drug kills human hepatocytes 
in vitro, and that some commonly used food additive is carcinogenic in mice. 
Given this information, medical practitioners, pharmaceutical companies, and 
healthcare policy makers must make a decision whether to use the antiviral drug 
as a treatment for AIDS, issue a toxicity warning for the anticancer drug, and 
prohibit the use of the additive in the food industry. The most informative data 
for making these decisions would be to repeat the experiments of basic science 
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in humans. However, for ethical and practical reasons, such experiments are 
often not possible. The alternative is to assume that what is true of one biologi-
cal system is also true or approximately true of another; for instance, one can 
conclude that a substance is likely to be toxic in humans on the basis of preclini-
cal data from animal models. Such practices qualify as extrapolations insofar 
as they extend a claim from the system in which it was actually documented to 
a different system. We can therefore characterize extrapolation as the attempt 
make a claim about a target system based on experimental results obtained in 
a different source system. The source system is often said to serve as a surro-
gate model of the target, that is, as a more manageable experimental setup for 
studying a phenomenon used as a substitute for an experimentally less manage-
able, but biologically, physiologically or clinically more relevant target setup. 
The hope is that the findings generated by the investigation of the surrogate 
can be safely extrapolated to the target despite known and unknown differences 
between the two (Baetu 2014, 2015; Bolker 2009; Steel 2007).1

Extrapolated results are evaluated along two distinct axes (Fletcher et al. 
1996). First, it is important to establish the internal validity of a study,2 that is, 
the extent to which the study supports claims about the source system. Assuming 
that there are no reasons to doubt the internal validity of the study, external 
validity refers to the extent to which the results of the study and the claims they 
support can be legitimately extrapolated to targets others than those directly 
tested, such as different organisms, different experimental conditions, or dif-
ferent interventions and outcomes; or, most commonly, to targets involving a 
combination of such differences. 

Despite the central importance of the concept of external validity, clinical 
researchers and practitioners have long complained that trial design guidelines 
or evaluation committees made little or no explicit mention about external valid-
ity, and that there were no “accepted guidelines on how external validity of 
RCTs [Randomized Clinical Trials] should be assessed” (Rothwell 2005, p.82). 
Although efforts have been made in that direction, this remains largely true 
today. As we will argue, two factors have contributed to this issue. The first is a 
reliance on relatively ill-defined concepts to discuss and assess external validity. 
The second is the fact that validity of extrapolation cannot be ensured by purely 
statistical means; it requires an assessment of relevant similarities which neces-
sarily emphasizes, selectively, some features over others—and thereby escapes 
strictly statistical solutions. A third issue addressed in the paper links to the fact 
that external validity, generalizability, “transferability,” and applicability tend to 
be used “with overlapping meanings” (Dekkers et al. 2010, p.90), and although 
to some extent conceptual analysis and definitional rigor might disentangle this 
situation, we contend that such a laxity in language is the consequence of the 
fact that these concerns, like the forms of extrapolations they address, are sel-
dom independent.

We begin by characterizing the general form of an extrapolation before 
using it to disentangle the different threats to its validity. Considering the nature 
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of and relationship between the different pairs of variables characterizing an 
 extrapolation, we show, can guide a clearer and more precise discussion of its 
validity.

2 the General Form of Extrapolation

Critics of the use of animal models in biomedical research have construed 
extrapolation of causal claims as a type of inference where the premise “[i]n an 
animal test, X led to Y” grants the prediction that “X will lead to Y in humans 
also” (Shanks et al. 2009), where X and Y are assumed identical in both state-
ments. Likewise, talking of “transferring causal generalizations” (Steel 2007, 
p. 3) or asking whether “the same effect” is present in both the model and the 
target system seems to suppose an identity of the claim extrapolated from one 
system to another. In practice, however, the extrapolated claim seldom remains 
the same when transferred from source to target. For instance, a mouse is never 
given the same doses of a drug that a human would be given; a surgeon operat-
ing in a clinical trial is not the average surgeon; the endpoints of a clinical trial 
are often not the same as the clinical outcomes sought after in routine health-
care (Howick 2011; Howick et al. 2013). The success of the extrapolation will 
depend on the nature of the source system in which the claim is established, 
the nature of the target system to which it is to be extrapolated, the relationship 
between the two systems, and the relationship between the established and the 
extrapolated claims. Therefore, the general form of an extrapolation should be:

(i)  X1 causes Y1 in system P1 (under setting S1), therefore X2 is likely to 
cause Y2 in system P2 (under setting S2).

The validity of the extrapolation will depend not only on the overall relation 
between biological systems P1 and P2, as is most often emphasized in the philo-
sophical literature (Ankeny and Leonelli 2011; Schaffner 2001; Weber 2005), 
but also on the relations between X1 and X2, Y1 and Y2, and S1 and S2. In 
the example of Figure 10.1, the potential for extrapolation depends not only on 
the overall anatomical, physiological, or phylogenetic similarity between the 
animal model and the human targets (the relationship between P1 and P2), but 
also on how interventions are adjusted in order to produce a measurable effect 
in humans, such as a higher dosage for humans (the relationship between X1 
and X2); on whether cortical spreading depression is a causal determinant of 
migraine in humans or, in more general terms, how accurately an outcome in the 
source system matches key attributes of the outcome in the target (the relation-
ship between Y1 and Y2); and on whether differences between lab and routine 
health-care conditions are likely to affect the outcome by introducing confound-
ing variables (the relationship between S1 and S2). 

It is perhaps useful to make the following clarification. In some cases, 
research relies on a more or less linear, step-wise compounding of distinct 
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extrapolative inferences. For instance, results obtained in laboratory models are 
first extrapolated to humans and are then tested in clinical trials before being 
generalized to the general population and finally applied to specific patients. 
Thus, one may legitimately take the extrapolation exemplified in Figure 10.1 to 
be a compounded extrapolation that, for analytical clarity, could be represented 
as a series of distinct extrapolations. For instance, one may argue that “1 mg of 
drug A relieves cortical spreading depression (CSD) in mice, therefore 10 mg 
of drug A is likely to relieve CSD in humans, and therefore 10 mg of drug 
A is likely to relieve migraine in humans.” In other words, cortical spreading 
depression (Y1) is taken to be an experimentally tractable causal component 
of migraine (Y2), since the presence or absence of a “migraine” is difficult to 
assess in the mouse model. There is an obvious practical value in decomposing 
extrapolative claims in this way, such as troubleshooting faulty extrapolations 
by raising the degree of similarity between the two outcomes. 

At the same time, it is equally important to keep in mind that not all extrapo-
lations can or should be decomposed in this way. To begin with, failing to recog-
nize the extent of similarity between these inferences downplays the importance 
of assessing, for all forms of extrapolations, relevant similarities between the 
systems, and it prevents us from transposing epistemological insights and scien-
tific strategies from one form of extrapolation to the other, which can be particu-
larly fruitful given that some features of extrapolation or means of supporting 
it are more noticeable in some contexts than in others. Second, decomposing 
extrapolations may obfuscate the fact that similarity between one pairs of vari-
ables (such as Y1 and Y2) is dependent on the other variables (such as P1 and 
P2). Consider the following example:

For example, rearing on the hind legs is a prominent component of stimu-
lant-induced stereotyped behavior in rats, but not in primates, whereas the 

X1→Y1

P1

S1 S2

P2

therefore X2→Y2

X1 causes Y1 in P1, therefore X2 is likely to causes Y2 in P2

[x1]
mg of
drug A

[x2]
mg of
drug A

relieved
cortical
spreading
depression

in mice, is likely to
relieve

migraine in humans

(In routine health care)

therefore

(Under lab conditions)

Figure 10.1 Illustrates this structures with an example.
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reverse is true of scratching (Randrup and Munkvad, 1970). The physical 
topography of these behaviors is quite different; nevertheless, we are able 
to say that they are homologous across species.

Willner (1991, p.14)

We cannot just say that “scratching” (Y1) is equivalent to “rearing on the hind 
legs” (Y2)—it is not, and for many species there is no relation between the two. 
However, it so happens that scratching is what primates do when stimulated, 
and it so happens that rearing on hind legs is what mice do on similar cues. 
Therefore, you cannot say whether Y1 or Y2 are similar without knowing in 
what species they obtain. In such cases, it is necessary to consider the problem 
of extrapolation in its general form. 

Nevertheless, the decomposition is useful insofar as it reveals threats to 
 validity, because each pair of variables in (i), namely interventions (X1 and 
X2), outcomes (Y1 and Y2), populations (P1 and P2), and settings (S1 and 
S2), brings with it specific issues. In a first, analytical step, we will therefore 
show how extrapolations and corresponding concerns of validity, commonly 
conceived as of different kinds, map onto these variables. This framework will 
provide more robust distinctions than the categories traditionally used to discuss 
extrapolation and its validity.

3 Forms and Dimensions of Extrapolation

3.1 Generalization

Generalization refers to the extrapolation of a result obtained in a sample of a 
population to the entire population. Such an inference is generally accomplished 
by means of statistical analysis and is accepted provided that the size of the sam-
ple is sufficient in relation to the variability of the phenomenon. However, such 
a statistical inference rests on the assumption that the sample is representative 
of the sampled population, in other words, that the distribution of confounding 
variables is similar between the two groups, which can be approximated using 
large, randomized3 samples. However, this condition is almost never met in bio-
medical research.

There are a number of reasons why randomization is difficult to achieve. To 
begin, participation in a trial is dependent on patients’ consent (more or less forced 
by poverty and lack of access to health care), which can represent an immense 
sample bias in some circumstances. For instance, Fisher and Kalbaugh (2011) 
noted that some groups are underrepresented in therapeutic trials and overrep-
resented in “higher risk or lower benefit research” such as phase I trials (where 
two-thirds of participants are male and nearly two-thirds are non-White). In addi-
tion, representativeness often conflicts with another desideratum of experiments, 
namely the taming of variability. Experimental design generally involves major 
efforts at reducing within-group variability, which in turns increase precision and 
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power but can lead to decisions reducing representativeness. For example, clinical 
trials generally exclude participants presenting comorbidities (other medical con-
ditions on top of that under study), because these would greatly increase the vari-
ability in symptoms or outcomes and would most often prevent true therapeutic 
effects from being detectable. Likewise, pregnant women, children, or the elderly 
are all systematically excluded from most trials.4 While these practices enhance 
the internal validity of the study by reducing variability and hence improving 
precision and power, they jeopardize generalization insofar as aging, pregnancy, 
and diseases do not wait in line to strike us one at a time. Finally, an additional 
difficulty in sampling (or assessing the quality thereof) is that the nature and 
boundaries of the population are often unclear (even the “whole human popula-
tion” changes with time). For instance, given the participants in a trial, one might 
wish to generalize the results to the population for which it is representative, for 
instance “non-pregnant young adults” (see Teira, this volume). In practice, how-
ever, clinicians have to work with the population they encounter. As some epide-
miologists have put it, “The problem is that in clinical practice different doctors 
may want to apply the same research evidence to different target populations” 
(Dekkers et al. 2010, p. 90).

The less a sample is statistically representative of the population, the more 
the extrapolation departs from a generalization, and hence a purely statistical 
approach will be insufficient. Whenever this happens—and there are reasons 
to think that, in biomedicine, it nearly always does to some degree—a direct 
assessment of the relevant similarities and dissimilarities between the sample 
and the population will be necessary. In this context, so-called generalizations 
from clinical trials can be considered as between-population extrapolations. 

3.2 Extrapolation Across Populations

Extrapolation from a population to a different population is seen very differently 
depending on whether the two populations belong to the same species. Extrapolation 
from Caucasian to Asian human populations (whatever these are supposed to be) is 
deemed much more trustworthy than from mice to humans (Asian or not). The dis-
tinction is most commonly made in terms of humans and mice being two distinct 
kinds or types. However, given that humans and mice belong to a same taxonomic 
group (mammals), such a distinction has to rest on some ground for preferring one 
taxonomic unit over another.5 Although species are not natural kinds in the way 
electrons are thought to be, they are useful insofar as they instantiate homeostatic 
property clusters (Boyd 1999), and as such are likely to represent, as groups, some 
kind of local optimum between size and within-group similarity.

However, not all similarities are equally important, and high “overall” 
 similarity might well hide few but critical dissimilarities. Indeed, for specific 
purposes, animal models may be a better surrogate for a given patient than most 
other humans. For instance, for most relevant purposes, a genetically engineered 
mouse model of cystic fibrosis will be more similar to a human patient suffering 
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from the disease than a healthy human would be. Likewise, a mouse model of 
cancer harbouring a tumor with the same oncogenic mutations as those of a 
patient is in many respects a better model than other patients (Chen, Cheng et al. 
2012). This is especially critical in the context of molecular medicine, and we 
will therefore look at these examples in more detail in Section 3.

What matters to the extrapolation is not, therefore, whether or not the two 
populations belong to the same type or species, but once more whether they 
are similar in relevant respects—and similarity naturally comes in degrees and 
flavors.

3.3 Application

Applicability generally refers to a variety of concerns (Howick et al. 2013). The 
first kind is when the intervention (X1) or the setting (S1) of the experimental/
trial/model system differs significantly from those of the target system (X2 and 
S2). There are concerns, for instance, that a given trial intervention might not 
be applicable in routine health care, or that routine practice might not allow the 
same degree of supervision, care, and nursing support that was possible under 
the idealized trial setting. We can call this kind of concern applicability across 
contexts, and it is sometimes referred to as the ecological validity of a finding.

The second kind of concerns about applicability arise because, as discussed 
earlier, the trial sample (P1) often differs in relevant respect from the general 
population (P2). As mentioned, “real” patients often have features that are not 
represented in trials due to exclusion rules: a typical patient is more likely to be 
older, with comorbidities, and on multiple medications. In this context, applica-
bility to an individual can be framed as an extrapolation between populations: 
between the idealized trial sample and either the whole population or a sub-
group thereof which, although it was excluded from the sampling, would include 
an actual patient (e.g., old men, children, pregnant women, diabetic patients). 
Therefore, we can call this a concern of applicability across populations.

To address these issues, pragmatic trials have been designed to better repre-
sent “real world” practice and patients (Schwartz and Lellouch 1967; Godwin 
et al. 2003).6 Pragmatic trials are said to be “less-perfect experiments” than tra-
ditional (or explanatory) trials, as they “sacrifice internal validity to achieve 
generalizability” (Ware and Hamel 2011, p.1686). Indeed, as mentioned ear-
lier, a major drawback of such an approach is that it increases the intragroup 
variability to a degree that can easily hamper the detection of significant effects 
and requires larger sample sizes. In addition, pragmatic trials often omit some 
epistemic features of explanatory trials such as blinding, because they “alter the 
‘ecology’ of care” (Ware and Hamel 2011, p. 1686).

However, even when patients do not present obviously relevant differences to 
the trial sample, extrapolating from a group to a specific individual is problem-
atic because of unexplained interpatient variability: participants in a trial might 
respond very differently to a treatment and in unpredictable ways. Biological 
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systems, and especially human patients who have long medical histories and live 
in a variety of environments, are highly heterogeneous. Because of this variabil-
ity, even if a claim can be successfully extrapolated from the studied sample to 
the general population, this does not guarantee that the claim is applicable to a 
particular individual (P2) within the population (La Caze 2008; 2009; Howick et 
al. 2013; Khorsan and Crawford 2014). As Mant (1999) puts it, “The paradox of 
the clinical trial is that it is the best way to assess whether an intervention works, 
but is arguably the worst way to assess who will benefit from it.” (p. 744). To 
distinguish this concern from the previous ones, we can call it applicability to 
an individual, and in analogy to mathematics and to highlight the fact that the 
individual is part of the sampled population, we could tentatively call this form 
of inference interpolation.

In principle, the same issue could arise when inferring, from a sample of 
interventions (X1), that a specific intervention (X2) should work (all other things 
being equal). For pragmatic reasons—in general, there is no relevant difference 
between different batches of the same pills—such issues are not often discussed. 
Nevertheless, it is not inconceivable that a clinician could, for instance, refrain 
from prescribing a given treatment on the grounds that the surgeon of the local 
area is not very apt at administering it.

3.4  Dealing with Heterogeneity: From Single-Subject Trials to 
Subgroup Analysis

The rationale behind pragmatic trials is to improve generalizability by drawing 
heterogeneous samples that are more representative of the diversity of the popu-
lation. While this might yield generalizations that are to some extent satisfactory 
for public health purposes, it does not address the issue of applicability to a 
specific individual, which the personalized medicine agenda has made a prime 
concern. The general strategy for addressing this issue is to find more-or-less 
homogeneous subpopulations within the population and study them indepen-
dently. This can be performed with different degrees of granularity but with 
increasing homogeneity with smaller group size, ultimately leading to fully indi-
vidualized treatment evaluation.

This individualized approach is implemented in N-of-1 trials, or single- 
subject cross-over experiments (Langreth and Waldholz 1999; Lillie et al. 2011; 
Barr et al. 2015). Such a design is especially common for chronic or relatively 
stable conditions for which different treatments are available and there is sub-
stantial heterogeneity in patients’ response to treatments, such as chronic pain 
and psychiatric disorders (similar designs are also widespread in behavioral 
research). A common example of such procedures is a “sandwich” experimental 
design, where a condition is measured in the same patient before a treatment 
is introduced, during the treatment, and after withdrawal of the treatment. An 
important limitation of this approach is that it assumes that the patient and his/
her condition remain stable, while people and diseases progress and are affected 
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by treatment history (e.g., carry-over). This is especially problematic in cancer 
research, where tumors evolve in response to treatment; or when testing multiple 
treatment options, as is commonly done for major depression. Therefore, N-of-1 
trials have limited internal validity and limited potential for generalizability, and 
they are restricted in scope to stable conditions (Howick 2011).

Most often, however, the patient population is divided into larger subgroups 
for both epistemic and economic reasons. Importantly, the identification of 
these subgroups and the classification of patients according to them necessarily 
involve placing a selective emphasis on some similarities and dissimilarities 
over others. The subgroups can be defined beforehand on the basis of groups 
that often respond differently to treatments (e.g., men/women) or of pathophysi-
ological rationales, such as the expression, in tumors, of the protein targeted by 
a treatment. Such analyses are generally considered valid provided that hypoth-
esis tests are appropriately corrected7 and that the study was sufficiently pow-
ered (Lagakos 2006). Alternatively, subgroups can be defined post hoc, that is, 
after a trial was performed and on the basis of its results. Like most experimen-
tal designs not testing a predefined hypothesis, this is considered a particularly 
dangerous method easily amenable to data fishing. Moreover, because the rel-
evant subgroups are unknown, a large number of hypotheses are tested more or 
less formally, yielding to difficulties in assessing the rate of false discoveries 
(see Footnote 9). For these reasons, results from post-hoc subgroup analyses are 
generally considered exploratory, with promising results being replicated in an 
appropriately-designed trial. In fact, post-hoc subgroup analyses are considered 
so problematic from an evidential point of view that when the scientists of the 
ISIS-2 trial were pressed by the editor publishing their results to include sub-
group analyses, they insisted on putting on the top of the list the significant cor-
relation between astrological sign and the treatment’s effect so as to warn their 
readers of the dangers of such analyses (ISIS 1988; Horton 2000).

Whether predefined or post hoc, subgroup analysis presents important chal-
lenges. The more fine grained the groups are (and the more hypotheses are 
tested), the larger a sample is needed to achieve sufficient statistical power, 
thereby limiting the widespread applicability of the method. For an evaluation 
of the statistical limitations of subgroup analysis, see Assman et al. (2000).

Subgroup analysis, or patient stratification more generally, can address the 
issue of applicability to specific individuals by reducing the variability in treat-
ment responses within each subgroup and finding the subgroup to which the 
specific patient corresponds, thereby reducing the width of the distribution of 
probability of response. In principle, the same could be performed ad hoc by 
assessing whether trial participants more similar to the specific patient to be 
treated responded better or worse than other trial participants (the same can be 
done at the level of trials when data from multiple trials is available). Obviously, 
such an approach faces the same problems presented by post-hoc subgroup anal-
ysis. In this context, similarity between patients is evaluated on the basis of 
pathophysiological rationales (La Caze 2011; Steel 2013). Finally, even in the 

PMM.indb   225 8/16/2016   3:55:45 PM

Tudor
Sticky Note
replace with:
same strategy could be implemented

Tudor
Highlight

Tudor
Sticky Note
replace with:
or at

Tudor
Highlight



1s
t P

ro
of

s 
– 

No
t f

or
 D

ist
rib

ut
io

n.

226 P.-L. Germain and T. Baetu

absence of trial participants sufficiently similar to the patient (as if often the case 
with comorbidities) or when the data is unavailable, the same pathophysiologi-
cal rationales, or mechanistic reasoning more generally, can be used to assess 
whether the patient presents features likely to affect his/her response. Although 
such a strategy was explicitly supported by the Evidence-Based Medicine 
(EBM) working group (1992), there is no clear methodology as to how clini-
cians should use such reasoning to guide their judgment.

The previous sections have highlighted the fact that although extrapolation 
can be performed and interpreted in very different ways, these different forms 
of extrapolation and the concerns they raise are seldom entirely distinct or insu-
lated from each other. For instance, so-called “generalizations” seldom are, at 
least in biomedical research, purely statistical inferences from truly representa-
tive samples, and when they are framed as such (for instance when restricting 
the scope of the extrapolation by redefining the target population), they inevita-
bly give rise to applicability concerns analogous to between-populations extrap-
olations. As a consequence, statistics itself cannot tell us how to perform “real 
life” extrapolations, which one way or another require the selection of  relevant 
similarities between individuals and/or populations (Ankeny 2001; Burian 
1993; Cartwright and Munro 2010; Leonelli 2007). The key question therefore 
remains how these relevant similarities and dissimilarities are to be identified—
a question that molecular medicine purports to address.

4 Extrapolation in Molecular Medicine

4.1 Mechanisms and the Molecular Metric of Similarity

Molecular medicine and the set of -omics technologies backing it often purport 
to provide a complete and unbiased picture of the phenomena (Chen, Mias et 
al. 2012), raising the possibility of a fundamental, molecular metric for simi-
larity assessment. However, it faces the same traditional problems. First, even 
if these technologies were providing an exhaustive list of characteristics, there 
would still be different ways of measuring the similarity between two profiles 
(e.g., Euclidean distance, correlation, distribution-relative scores, nonpara-
metric measurements). Second and more critically, overall similarity might be 
misleading when the phenomenon of interest is particularly determined by few 
variables. Not all similarities are equal, and there is no straightforward way of 
identifying relevant similarities.

It has often been argued that the most relevant similarities—especially when 
the extrapolation targets are specific qualitative and quantitative aspects of a 
phenomenon rather than general approximations—are those concerning mech-
anisms causally productive of the phenomenon of interest (Cartwright 1989; 
Craver 2007; Schaffner 2001; Steel 2007; Weber 2005; Wimsatt 1976). The 
general argument is that surrogate models that share mechanistic features 
with their targets are more likely to generate the phenomena of interest via the 
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same causal pathways and to respond in similar ways when these pathways are 
 disturbed. By contrast, surrogates that do not share causal features might gener-
ate similar phenomena by means of different mechanisms and therefore may 
behave very differently when subjected to similar experimental interventions. 
This approach is indeed documented in the biomedical practice of animal model 
validation. For example, in order to successfully extrapolate from an animal 
model of human disease, empirical evidence must be provided that the model 
accurately matches specific attributes of human disease (Bolker 2009; Cardiff 
et al. 2004; Piotrowska 2012). Crucially, these attributes include not only 
descriptive features of the phenomenon (e.g., symptoms of AIDS in humans 
as compared with simian AIDS or immunodeficiency in mice), but also known 
or potentially relevant mechanisms (e.g., AIDS pathogenesis as compared with 
simian AIDS caused by SIv or immunodeficiency caused by HIv in humanized 
mice). Molecular medicine can be seen as advancing that view insofar as it offers 
mechanisms that are (at least in an experimental setting) easy to track, validate, 
and manipulate, thereby allowing an evaluation of mechanistic similarities.

The notion that models can be validated as surrogate objects of investigation 
based on mechanistic similarities has been criticized on the grounds that those 
extrapolations are justified only if there are no relevant disanalogies between 
surrogate and target. Since the absence of relevant disanalogies can only be 
ascertained if one already has access to a relatively advanced knowledge of the 
mechanisms at work in the two systems, extrapolators are trapped in a vicious 
circle (analogous to the experimenter’s regress—see Collins 1981), whereby 
establishing the suitability of a system as a surrogate model would require 
already possessing knowledge of the mechanisms at work in the target system, 
in which case the extrapolation would be unnecessary (Howick et al. 2013; 
LaFollette and Shanks 1996). 

This objection can be circumvented if one takes into consideration that, in 
practice, researchers consider mechanistic similarities in conjunction with other 
criteria, such as phylogenetic, genetic, structural, and symptom/phenomeno-
logical similarities when assessing the overall suitability of a surrogate model. 
Typically, the validation of surrogate models relies on a criterion of double sim-
ilarity—symptom similarity at the level of the phenomenon under investigation 
and structural/causal similarity at the level of the physical system in which the 
phenomenon is documented (Cardiff et al. 2004). In addition, model validation 
strategies often exploit the fact that many biological mechanisms are decompos-
able in causally modular stages that can be investigated on an independent basis 
(Steel 2007; Woodward 2002). In turn, modularity makes it possible to adopt a 
“divide and conquer” strategy, whereby any given surrogate model is judged to 
be more or less suitable for drawing certain extrapolations depending on which, 
how many, and to what degree attributes associated with a specific stage or 
mechanistic module are matched. For example, different stages in pathogenesis 
are often studied in different surrogate models, each fine-tuned to accurately 
match a particular stage of pathogenesis.8 

PMM.indb   227 8/16/2016   3:55:45 PM



1s
t P

ro
of

s 
– 

No
t f

or
 D

ist
rib

ut
io

n.

228 P.-L. Germain and T. Baetu

Although these approaches offer genuinely productive means of assessing 
the credibility of extrapolations, they are limited in that the support they provide 
comes from a mosaic mechanism itself drawn through a number of extrapo-
lations across experimental systems. As a consequence, it can never ensure 
extrapolation, yet it can significantly strengthen it and offer “fallback” methods 
of troubleshooting it (Baetu 2014, 2015).

4.2 Conflating Extrapolations

Molecular medicine does not change the fundamental issue behind  extrapolation. 
Nevertheless, it—and in particular molecular oncology—disrupts the modali-
ties and categories with which extrapolation and its validity were traditionally  
discussed. The key reason is that these categories were formed in a context 
where they held a more or less defined relationship with each other due to the 
way we used to understand and act upon biomedical phenomena. However, the 
more a phenomenon, such as cancer (including the therapeutic approaches to 
it), is dependent on molecular characteristics that vary across patients, the more 
it becomes possible for models to become, for a specific patient, more relevant 
than they would be for other patients. Two examples will help illustrate the 
implications of this with particular salience.

A first interesting example is the “murine co-clinical trial” reported in Chen, 
Cheng et al. (2012). A clinical trial on KRAS-mutated lung cancer, designed 
primarily to test the overall efficacy of a treatment, also attempted to identify 
biomarkers predicting differential treatment response (see Nathan, this volume). 
As mentioned previously, such subgroup analyses run the risk of identifying 
spurious correlations. Therefore, as the first candidates came out, bench sci-
entists designed a parallel “co-trial” in genetically engineered mice harboring 
some of the markers for differential response, thus testing by controlled inter-
vention whether the marker really made a difference to the response (it did). 
Beside the noteworthy point that this involved a translation from the clinical 
context to the laboratory, what this example shows is that, insofar as groups are 
based on molecular characteristics, they are amenable to schemes of extrapola-
tion that bypass the traditional limitations of subgroup analysis and that conflate 
extrapolations normally thought of as distinct. Indeed, the final finding of the 
study rests upon interdependent extrapolations ranging from animal, cellular, 
and clinical studies. In particular, the conclusion relied on two main lines of 
evidence: a causal claimed established in the mouse model,9 and a correlation 
observed in the human trial population.10

It is obvious that both inferences, when evaluated on their own, have a high 
risk of error, and because of this interdependence, they cannot be evaluated 
individually (Germain 2014a). Together, they yield very confident knowledge 
regarding the target system, but the fact that they ought to be evaluated together 
also implies that concerns of generalizability, transferability across species, and 
applicability cannot be treated independently either.
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Xenografting, or xenotransplantation—the transplantation of cells, tissues, 
or organs across species—offers another interesting example (Maugeri and 
Blasimme 2011; Germain 2014b). In cancer research, this generally means 
the transplantation either of pieces of human tumors or of cellular popula-
tions derived from them into a immunodeficient mouse host (to avoid the host 
from mounting an immune reaction to the foreign tissue). Notwithstanding the 
discussion as to the extent to which transplanted tumors resemble the original 
human tumor (e.g., Creighton et al. 2003; DeRose et al. 2011), these xenograft 
models have long been and continue to be widely used in research precisely 
because they conserve (better than alternative models) genetic and epigenetic 
characteristics of cancer cells, which are highly relevant for the cancer and 
its differential response to treatment. For this reason, and given the great het-
erogeneity between tumors, a xenograft harboring your very tumor can be 
a better model, for the purpose of predicting the therapeutic effect of some 
treatment, than most often human patients would be (Hidalgo et al. 2011). 
Unsurprisingly, there are now companies in the U.S. that propose (for about 
15,000 USD) to study drugs on mouse models xenografted with your own 
tumor.11 Once more, this example bypasses traditional limitations of person-
alized treatment evaluation such as N-of-1 trials; because xenografts can be 
performed in simultaneous replicates, they can have a high internal validity. 
These models address—in the lab—concerns of applicability to an individual 
by introducing other validity concerns raised by extrapolation across (host) 
species. This shows the inaccuracy of a linear picture in which results are first 
extrapolated from laboratory models to humans and then tested in clinical tri-
als before being generalized to the general population and finally applied to 
specific patients.

These two examples illustrate the interdependence, in contemporary research 
practices and in particular in molecular medicine, of some compounded extrapo-
lations and how some threats to the validity of an extrapolation can be addressed 
by exposing oneself to a different threat. As such, these examples illustrate the 
analytical value of the general form of extrapolation in exposing and discussing 
real-life extrapolations. Moreover, they also highlight the necessity, when deal-
ing with some concrete extrapolations, of considering them in their general form 
to properly evaluate its credibility.

5 Conclusion

Extrapolations are most often complex inferences translating claims across not 
one but several relevant disanalogies, which often cannot be completely disen-
tangled. We proposed to characterize and discuss these using what we termed 
the general form of extrapolation, namely:

(i)  X1 causes Y1 in system P1 (under setting S1), therefore X2 is likely to 
cause Y2 in system P2 (under setting S2).

PMM.indb   229 8/16/2016   3:55:45 PM



1s
t P

ro
of

s 
– 

No
t f

or
 D

ist
rib

ut
io

n.

230 P.-L. Germain and T. Baetu

We argued that this general framework allows a more accurate characterization 
of any given extrapolation than traditional typologies. We also suggested that 
the nature of and relationship between the different pairs of variables allowed 
a more precise discussion of the threats to the validity of the extrapolation than 
traditional categories (generalizability, applicability, etc.). This is especially 
important in molecular medicine and in contemporary biomedical research more 
broadly, where traditional distinctions between types of extrapolations and their 
mapping to issues of validity are regularly conflated.

However, it is important to note that the general form of extrapolation we 
propose is not an all-encompassing or a priori formulae, nor is it entirely 
determined. For instance, features such as lifestyle, nutrition, and exposure to 
pollutants could well be understood as properties of a population (P), of the 
setting in which it dwells (S), or even of the intervention (X) or outcome (Y). 
The answer to this question will obviously depend on the research context, but 
it is also changing with scientific developments (see Meloni and Testa 2014) 
and has clear political meanings (Levins 1998). Similarly, there might come 
(or have been) a time or there might be actual situations in which character-
izing an extrapolation with these variables will be inefficient. The structure 
of the general form of extrapolation is largely the consequence of how we 
have come to construe and construct biomedical phenomena. Our proposal, 
we argue, captures and articulates the most relevant axes of extrapolations 
in contemporary biomedical research and thereby allows a more precise and 
productive discussion of the issues it encounters and of the strategies available 
to address them.

Finally, our analysis of extrapolation highlighted the fact that, barring ideal-
ized cases, all forms of extrapolation are based on the assessment of relevant 
similarities—a problem that keeps resisting philosophical analysis. For although 
mechanism-based approaches offer productive means of identifying relevant 
points of similarity, they are themselves the product of an elaborate complex of 
extrapolations (Baetu 2015).

Notes

1 Extrapolation differs from enumerative induction in that it does not presupposes 
the homogeneity of tokens across the type concerned and explicitly acknowledges 
the potential for relevant differences between source and target (Fuller and Flores, 
2015). 

2 Validity is defined as the degree to which a result from a study is likely to be true and free 
from bias or error (Cochrane Collaboration, www.cochrane.org/glossary/5letterv).

3 Randomization is not a goal in itself but has the purpose of avoiding biases (Worrall 
2007). Random allocation of trial participants to treatment groups will most often 
result in an even distribution of potential confounding factors across groups. Likewise, 
random selection of a sample (i.e., trial participants) has the purpose of reducing the 
risk of the sample diverging from the population in causally relevant respects. In 
other words, random sampling is an imperfect but highly efficient means of ensuring 
similarity between the sample and the population.
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4 Sweeney et al. (1995) note that some important trials had alarmingly high exclu-
sion rate, sometimes reaching 93 percent. Importantly, similar biases can be found in 
laboratory studies; for example, mostly in an effort to avoid variations related to the 
oestrous cycle, animal (and even cellular) studies are massively biased toward males 
(the NIH has recently changed its policies to address this imbalance—see Clayton 
and Collins 2014).

5 In relation to this point, it is interesting to note that the 1998 report of the Committee 
on New and Emerging Models in Biomedical and Behavioral Research draws the 
line not between humans and other species but between primates and other species: 
“Studying human health involves two general experimental approaches: examining 
human or primate cells, tissues, and organs that constitute relatively direct models of 
human disease; and using a variety of model systems that offer special features and 
advantages that are not available for study in human beings or primates but can be 
applied to human health issues.” (ILAR 1998, p. 6) 

6 Pragmatic trials are designed to evaluate the effectiveness of interventions in real-life 
routine practice conditions, whereas explanatory trials aim to test whether an inter-
vention works under optimal situations. Of note, there are ethical issues preventing a 
full representation of the population; to give an obvious example, children and devel-
oping fetuses cannot give or withhold consent for trial participation.

7 Frequentist thresholds of statistical significance are based on the frequency with 
which the threshold will lead us to commit type I errors: a p-value < 0.05 threshold 
will tend to wrongly reject the null hypothesis 5 percent of the time. When testing a 
large number of hypotheses (such as testing all genes in the genome for differential 
expression or testing many subgroups of a sample based on a combination of sev-
eral parameters), this means that we would expect many “significant” positive results 
(rejection of the null hypothesis) to arise by chance. Several statistical methods have 
been proposed to address this issue (see Benjamini and Hochberg 1995 for the most 
popular method).

8 E.g., AIDS pathogenesis is decomposable in a consistently recognizable series of 
stages, namely transmission, acute infection, latent stage, relapse, complications asso-
ciated with secondary infections, and death. Extensive knowledge about HIv infec-
tion and AIDS in humans was generated by studying SIv infection in rhesus macaques 
and HIv infection in humanized rodents; these models are also used to test treatments, 
such as vaccines and antiviral drugs. Each model is validated in respect to the aspects 
and degree of similarity with HIv infection/AIDS in humans. Macaques are phylo-
genetically, genetically, and anatomically closer to humans, thus making them bet-
ter models for studying the mechanisms of disease transmission, but SIv is different 
from HIv (e.g., genes specific to HIv; simian AIDS develops within a year of SIv 
infection, while human AIDS develops 5–10 years after HIv infection). Furthermore, 
due to their long developmental cycle and maintenance costs, macaques are not ideal 
for genetic experiments; hence, researchers must cope with the potential confound-
ing effects of genetic diversity and the absence of transgenic/knockout organisms. 
Humanized rodent models overcome these shortcomings. Rodent models are geneti-
cally more uniform, their T-cells can be infected by HIv, antiretroviral drugs affect 
HIv replication in the same way as in human clinical trials, and the same patterns of 
drug resistance develop over time; hence, these models are especially useful for pre-
dicting clinical antiviral efficacy in humans. At the same time, rodent models are less 
suitable for studying the mechanisms of viral transmission and AIDS progression due 
to genetic, anatomical, and life-span differences between rodents and humans.

9 The extrapolation would look like this: Lkb1 mutation (X1) provides resistance to 
the (mouse version of the) combined treatment (Y1) in mouse models (P1); therefore 
LKB1 mutation (X2) probably provides resistance to the combined treatment (Y2) in 
human patients (P2).
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10 LKB1 mutation (X1) correlates with resistance to the combined treatment (Y1) in the 
clinical trial population (P1); therefore LKB1 mutation (X2) would probably provide 
resistance to the combined treatment (Y2) in the general population (P2).

11 See for instance Champions Oncology (http://championsoncology.com/). As with 
most of personalized medicine, the business model of Champions Oncology is that 
it profiles your tumor and records the success of different drugs on it, thereby accu-
mulating a database of drug response patterns that it can then sell to pharmaceutical 
companies.
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