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To the Editor: Much of the knowledge contained in the peer-reviewed literature
has, until recently, been infeasible to extract comprehensively and systematically
due to inherent time limitations in scale associated with a manual literature review
as well as the inherent researcher bias in the selection of articles and the
interpretation of their content.> However, the advent of the latest natural
language processing (NLP) engines hail a new era of efficient, robust and large-
scale extraction of high-quality information from peer-reviewed publications, one
where published expert-informed interpretations of clinical and experimental data
can be used to inform analyses in concert with numerical data. Our group, and
others, are now actively leveraging such technologies to construct comprehensive
knowledge graphs that aggregate and reconcile documented interactions between
molecular, cellular, physiological and behavioral constructs into cohesive,
mechanistically rigorous, descriptions of illness that can be interrogated in the
broader context of a dynamic and networked biology. *#

Under an ongoing research collaboration between Rochester General
Hospital’s (RGH) Center for Clinical Systems Biology and Elsevier Life
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Sciences, functional relationships linking elements of biology are being extracted
from full text in a growing corpus of over 8 million peer-reviewed publications
using the MedScan® natural language processor (NLP) engine, and archived in
Elsevier’s Knowledge Graph (Elsevier, Amsterdam) database.® These are being
used within the Pathway Studio (Elsevier, Amsterdam) to construct executable
computer models of the molecular, cellular and biobehavioral signaling that
underlies a broad range of illness. In recent work, we recovered 188 documented
elements of bio-behavioral feedback and feedforward regulation linking 44
neurotransmitters, immune mediators, and behavioral constructs into a network
model capturing the potential mechanistic underpinnings and
psychoneuroimmunology (PNI) supporting chronic pain, persistent depression
and addictive behavior (see Figure 1). These were supported by a total of 21,533
peer-reviewed articles with at least one and up to 1,168 citations supporting each
interaction.

Intuitively we expected that the bulk of prior knowledge would describe
interactions between markers expressed within the same level of biology, i.e.
interactions between two physiological markers or two behavioral constructs.
However, results of our text-mining did indeed indicate that over half of the 188
documented interactions (128 in 16,574 citations) connected two physiological
markers, only a small minority of these were reported at the behavioral level (6 in
9 citations) (Table 1). Interestingly, in what was thought to be the least well-
documented layer of biology we recovered 35 interactions where a physiological
marker regulated a behavioral construct (3,688 citations), and conversely 19
interactions where a behavioral construct regulated a physiological marker (1,262
citations). Moreover, the strength of the underlying statements was such that a
majority of these relationships (137 of 188) were classified as regulatory
interactions (119 in 10,739 citations), with roughly 1 in 6 satisfying the more
stringent conditions of direct regulation (18 in 1,510 citations). Indeed, fewer than
1 of 3 (51 of 188) interactions were considered more associative in nature (36 co-
expressions in 9,150 citations, 15 weaker quantitative changes in 134 citations).

Examples such as this illustrate the growing capability of automated text-
mining for reliably extracting community knowledge of regulatory biology from
peer-reviewed literature with a thoroughness and at a scale previously
unimaginable. Furthermore, cursory results presented here suggest that while
network analytical approaches may not yet be widely applied in behavioral
studies, PNI is making strong inroads as evidenced by a growing body of
literature reporting interactions between not just brain but also mind and body.
We expect that effectively harnessing such community-wide information in a
systematic and computationally accessible manner will offer clinicians the ability
to more efficiently integrate best practice knowledge into clinical decision-
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making. Likewise, we expect these technologies to accelerate the rate of
knowledge generation itself by highlighting gaps in our current understanding and
hence informing on more cost-effective and informative study designs, as well as
informing novel possible treatments for complex presentations.
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Figure 1. Circuit diagram depicting the resultant text-mined feedback and feedforward
interactions between specified neurotransmitters, immune mediators, and behavioral constructs.
Colored arrows indicate directed regulatory interactions, with green arrows indicating that the
source mediator upregulates the target mediator, and red arrows indicating the source mediator
downregulates the target mediator.
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Interactions Type Frequency Number of Citations
Biological to Biological Regulation 79 6,422
Direct Regulation 16 1,378
Expression 33 8,774
Quantitative Change 0 0
Biological to Behavioral Regulation 35 3,688
Direct Regulation 0 0
Expression 0 0
Quantitative Change 0 0
Behavioral to Biological Regulation 5 629
Direct Regulation 2 132
Expression 3 376
Quantitative Change 9 125
Behavioral to Behavioral Regulation 0 0
Direct Regulation 0 0
Expression 0 0
Quantitative Change 6 9

Table 2. Types of interactions with associated frequency and number of supporting citations.
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