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1

MECHANISMS IN BIOMEDICAL RESEARCH

Biomedical research largely centers around the generation and
testing of hypotheses regarding the mechanisms underpinning observed biological phenomena. Over the last 20 years or so, philosophers of science have made significant progress in accounting for
the activities of biomedical research as a search for mechanistic
accounts, in contrast, for example, with the search for law-like
relationships that characterizes physics[7]. This new mechanistic
philosophy defines mechanisms as “entities and activities organized
such that they are productive of regular changes from start or setup to finish or termination conditions.” In addition to the traditional
methods of evaluating scientific theories (e.g. on the basis of their
generality, or their predictive accuracy), competing mechanistic
explanations are evaluated also on the basis of a variety of potential
virtues (and vices) specific to mechanistic accounts, such as superficiality or incompleteness. Table 7.1 in [7] lists a set of questions
about the abilities, activities, locations, roles, structures, and temporal features of components and steps in a mechanism that are
typically pursued in the development of a mechanistic account of a
phenomenon.
Psychological research has also pointed to the importance of
forming causal hypotheses in human cognition. Children’s frequent
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“why?” questions serve not just to engage parents in endless conversation, but to help children structure a broad causal account
of their world[5]. In Daniel Kahneman’s Thinking: Fast and Slow,
he describes the fast, automatic system 1 as “highly adept at one
kind of thinking—it automatically and effortlessly identifies causal
connections between events, sometimes even when the connection
is spurious.” Appreciation of this phenomenon goes back at least as
far as Charles Sanders Peirce, who observed in 1903 that “However
man may have acquired his faculty of divining the ways of Nature,
it has certainly not been by a self-controlled and critical logic. Even
now he cannot give any exact reason for his best guesses. . . . For
though it goes wrong oftener than right, yet the relative frequency
with which it is right is on the whole the most wonderful thing
in our constitution”[16]. He also added that “All the theories of
science have been so obtained.” Peirce coined the term “abductive
inference,” to name this task of inference to the best explanation.
However, there are a very limited set of computational tools or
theories that either attempt to do this sort of inference or support
human beings doing this sort of work. Most computational biology
is focused on the analysis of data, not the creation of mechanistic or
causal hypotheses to account for the data. Existing computational
work mainly appears in the methods and results sections of scientific
publications, not in the discussion section where mechanisms are
typically elucidated.
There have been several areas of computational research regarding causation and causal inference, but they have a quite different character from what Craver, Kahneman, and Peirce are discussing. Statistical methods, such as structural equation modeling
(e.g. [9]), Neyman–Rubin causal modeling[20], or Judea Pearl’s
work (e.g.[15]) model unobserved data that would be relevant to
distinguishing causal direction in correlations, but are not attempts
to solve the broader mechanistic inference problem. Causal inference in epidemiology (e.g. Hill’s criteria for causation[10]) cannot
be straightforwardly translated into an automated method. Historic
AI efforts in explanation generation (e.g., [21]) have left little trace
in contemporary research. As an example of how important this
task is to biomedicine, consider the legal requirements to submit an
Investigative New Drug (IND) application to the US Food and Drug
Administration1 , which require the documentation of a mechanism
of action of the compound. The law requires that this mechanism
“must be discussed at various levels, including the cellular, receptor, or membrane level, tissue, the physiologic system level (target
organ), and the whole body level, depending on what is known.”
This concept of mechanism, which involves describing multiple
1 21
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activities and interactions, cannot be satisfied with a statistical
correlation, even one where the direction of causality is specified.

2

KNOWLEDGE-BASED BIOMEDICAL DATA
SCIENCE

Although there is relatively little support for inference of mechanisms thus far in computational biomedicine, there are some current approaches that are relevant to the task.2 While no knowledgebased computer system has repeatedly generated important biomedical hypotheses de novo, promising proof-of-concept systems include systems to generate hypotheses from the literature[22] and
those aimed at hypothesis generation or refinement from data (e.g.
[17] and [4]), as well as mixed initiative human-computer hypothesis generation[13]. Although it remains aspirational, the synthesis
of computational simulation with knowledge-based generation and
refinement of hypotheses has received substantial interest from
DARPA[24].
While systems to generate mechanistic hypotheses are rare, a
great deal of the infrastructure required for knowledge representation and reasoning in the area already exists. Well developed,
community curated ontological resources cover a great deal of the
relevant conceptual ground, such as the Gene Ontology[6] or the
Ontology of Biomedical Investigations (to describe experiments)[2],
as well as the Open Biomedical Ontologies Foundry[23] project to
coordinate them. Sophisticated efforts to integrate multiple curated
biomedical databases into unified knowledge-bases have made substantial progress, e.g. Bio2RDF[3] and KaBOB[14]. Recently, for
example, an effort to do scientifically significant inference based on
such a knowledge-base, using a combination of symbolic and neural
network approaches, appears to have been successful hypothesizing about factors potentially relevant to generating mechanistic
hypotheses, e.g. simultaneously generating hypotheses about protein function, candidate genes of diseases, protein-protein interactions, and drug target relations[1]. Another recent knowledge-based
approach generated mechanistically-grounded drug repurposing
hypotheses[11]. A long-standing effort to develop a fully automated
“robot scientist” recently began using abductive logic programming
to generate hypotheses in metabolic network modeling[19].

3

THE CHALLENGE

Automated generation of mechanistic explanations for experimentally observed phenomena in contemporary molecular biology
would address an increasingly acute need in biomedical research.
Genome-scale experiments (not only in genetics, but in proteomics,
metabolomics, transcriptomics, etc.) produce data about many thousands of molecules, polymorphisms and other relevant entities
involved in many important disease areas (as well as in normal
biology). A great deal of information about each of these entities is
available from a large and diverse collection of databases; even more
is in the biomedical literature. It has been demonstrated repeatedly
that biologists bias their interpretations toward the familiar (see,
e.g. [18]), possibly causing many potentially important findings to
be overlooked. There is a clear desire in the biomedical community
to address these acknowledged issues through better computational
2 This
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tools, but, as noted above, few useful ones have thus far been created.
The mechanistic inference problem is inherently knowledgebased. Explanations of biological phenomenon are typically expressed in the scientific literature in symbolic form (in contrast,say,
to the mathematical form of explanations found in in physics). The
ontological foundations, and perhaps the computationally represented knowledge necessary to generate hypothesized mechanistic
accounts of that biomedical data are already available. What is missing is a theoretical account and practical implementation of the
inference process itself. Note that although explanations themselves
are symbolic, mixed symbolic and nonsymbolic methods (such as
[1] and [11]) show great potential, perhaps echoing Kahneman’s
description of the importance of both system 1 and system 2 in the
psychology of causal explanation.
The recent philosophical literature provides descriptions of the
process of producing, evaluating and refining mechanistic accounts
in science[7], as well as a set of specific examples and a possibly
useful diagrammatic representation of them[8]. However, this philosophical description is in places vague and admittedly incomplete. A
computational implementation would demonstrate the sufficiency
of a specific approach to account for mechanistic theorizing in
biomedicine. Automated mechanistic inference for biomedical research would also solve a critical problem in biomedical research
itself, which is struggling with data that is too big and too rich to
analyze completely in traditional ways.
Knowledge base construction, reasoning, and mining may be
a crucial research area in which this research agenda could be
advanced. Clearly defining the representations and computations
necessary for the task of mechanistic explanation is part of the
challenge. While existing biomedical ontologies would seem to be a
natural point for grounding biomedical explanations, it is not clear
if they are complete for this purpose. Judging by the mechanisms of
action on FDA approved drugs, relationships among the entities that
participate in an explanation span mathematical, physical, chemical,
biological and medical ones that may not all be well described by
current ontological resources. Furthermore, evidence suggests that
the soundness and quality of an explanation is related not only to
how well it accounts for the to-be-explained inputs, but also how it
relates to many other “known” explanations. By bringing the tools
and techniques of symbolic AI (perhaps in conjunction with other
tools and techniques) to address this problem, it may be possible to
create novel computational methods with far reaching implications
for both biomedical research and our understanding of, in Peirce’s
words, “the most wonderful thing in our constitution.”
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