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Abstract This work presents a method to aid in the prioritization of research within a scientific domain. The domain is
encoded into a directed network in which nodes represent
factors in the domain, and directed links between nodes represent known or hypothesized causal relationships between
the factors. Each link is associated with a numeric weight that
indicates the degree of understanding of that hypothesis.
Increased understanding of hypotheses is represented by
higher weights on links in the network. Research is prioritized
by calculating optimal allocations of limited research
resources across all links in the network that maximize the
degree of overall knowledge of the research domain. We
quantify the level of knowledge of individual nodes (factors)
in the map by a network centrality measure that reflects in
dependencies between knowledge level of nodes and the
knowledge level of their parent nodes in the map. We analyzed
a funded research proposal concerning the fate and transport
of nanomaterials in the environment to illustrate the method.
Keywords Research prioritization  Nanomaterial fate
and transport  Causal maps
1 Introduction
Setting priorities for research is a difficult and recurring
exercise for scientists and scientific funding agencies.
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Individuals and organizations involved in the funding and
administration of scientific activities must decide which
investments have the greatest potential to achieve the objectives of the research endeavor. However, for research domains
with highly interrelated and poorly understood components, it
is difficult to quantify expected future benefits from research.
In such cases, priorities are typically determined through a
variety of qualitative or deliberative approaches. This work
presents a tool to aid in the evaluation of research priorities
that capitalizes on interrelationships and dependencies
between different parts of the research. We encode the
hypotheses of the research domain into a directed network and
posit a mechanism by which knowledge is transferred through
the network as a function of research on specific hypotheses in
the network. Such hypothesis maps explicitly show how
knowledge of one factor is dependent on knowledge of other
factors, and how those factors are in turn dependent on
knowledge of other factors, and so forth, potentially continuing indefinitely. This recursive structure can be exploited to
determine the best allocation of new research effort in order to
facilitate the flow of information through the graph. Information can ‘‘flow’’ through the graph when it is not obstructed
at any particular link, and the structure of the map will
determine which links are most critical for information flow.
By optimizing the flow of information through the hypothesis
map for incrementally increasing levels of resource investment, we prioritize the links in the map for study.

2 Background
2.1 Scientific research assessment and prioritization
Research prioritization is the selection of research projects
based on any number of quantitative and qualitative
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criteria. Quantitative prioritization approaches involve
some attempt to measure the expected benefits, costs, and
risks associated with investment decisions, and to select
those projects which are expected to have the highest
overall value, either singly or as a portfolio (Information
System Laboratories 2003).
Prioritization with quantitative methods alone can bias
outcomes toward research with only measurable, tangible
benefits (Fischhoff 2000), and these methods can have
issues associated with their reliability, validity, cost, timeliness, and acceptability (Feller and Stern 2007). Quantitative prioritization methods are particularly problematic for
complex systems where it is difficult to quantify expected
outcomes. Prioritizing scientific research is difficult in part
because the goals of scientific funding organizations typically involve furthering knowledge and understanding of
some scientific domain, rather than more quantifiable outputs (e.g., sales, patents). Additionally, a portfolio of
research projects is likely to involve projects with interrelated outcomes, in that the results from one project are
likely to alter what can be learned from other projects.
Some quantitative approaches have been applied to
scientific research, though these instances involve some
ultimate impact on a quantifiable objective beyond scientific understanding alone. For example, value-of-information approaches have been applied to research regarding
environmental health risk management (Yokota and
Thompson 2004) and to assessments of which of research
investments would be most useful for achieving environmental goals [e.g., (Canis et al. 2010)].
Prioritization systems that are more qualitative might
include informal discussion and review, voting systems, or
science and technology road-mapping (Kostoff and Schaller 2001). However, deliberative approaches can be
biased both by the selection of participants and by the
framing of the questions on research priorities that are
posed to them (Feller and Stern 2007).
Bibliometric methods can also be used to assess research
progress by tracking and analyzing citations between
published papers or patents. Combining bibliometric analysis of citation networks with the keywords associated
with each article can identify important trends in research
content (Kajikawa et al. 2010). In some fields that are
particularly amenable to representation as a network (e.g.,
protein–protein interaction [Ganapathiraju and Orii 2013]),
bibliometric methods have been used to inform future
research priorities. However, the majority of bibliometric
applications have been limited to retrospective analyses,
and are of limited utility for planning future research.
This work presents a method for determining priority
research topics, but successful implementation of a research
prioritization method requires attention to factors outside
the research material alone, such as the bureaucratic
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structure of the research organization, the management of
equipment and personnel, or the mechanisms of communication and collaboration between researchers. Scientific
organizations may be concerned with generating data that
would support new proposals, supporting particular individuals’ endeavors, or other considerations. In this work, we
ignore the details of execution that are particular to any one
organization, focusing only on the determination of the
most effective areas for advancing knowledge.
2.2 Cognitive, causal, and hypothesis maps
Complex phenomena are commonly diagrammed as sets of
linked influences or factors. Causative chains of factors
form a directed network, and models using such networks
of factors include all forms of influence diagrams, expert
systems, mental modeling, cognitive mapping, and causal
mapping. All of these involve variables or other separable
components connected by directed links in a network. For
example, Morgan constructed an influence diagram composed of causal relationships between variables related to
nanomaterial properties and risks (Morgan 2005).
The term concept mapping in the evaluation and planning literature refers to a distinct approach for identifying
concepts within a domain and depicting their relationships
(Trochim 1989). In this approach, many participants group
concepts together, and these results are combined to form a
single, most representative grouping. Results can also be
used to construct undirected networks of concepts for
further analysis (McLinden 2013).
A cognitive map is a directed network that represents a
person’s assertions about some limited conceptual domain.
The nodes of cognitive maps denote qualitative or quantitative variables, and the links between nodes are typically
associated with a sign denoting positive or negative influence (Axelrod 1976; Bougon et al. 1977; Eden and Ackermann 1992; Ford and Hegarty 1984). Fuzzy cognitive
maps have variable weights on links between nodes that
denote the degree of positive or negative influence between
elements (Kosko 1986) and have been used to gain insight
into many phenomena, including ecological systems
(Özesmi and Özesmi 2004; Prigent et al. 2008). Causal
maps are similar to cognitive maps, but only contain links
that represent statements of causality (Narayanan and
Armstrong 2005). We use the term hypothesis map to
describe a variant of a causal map in which links between
nodes represent known or hypothesized influences between
factors in a research domain. A link from one node to
another indicates that there is at least one known or
hypothesized way in which the first factor influences the
second. All types of links are allowed in hypothesis maps;
this includes cycles, such as when a node links to itself or
when two nodes link to each other.
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2.3 Construction of causal maps
Causal maps can be constructed from one or more text sources
that describe the domain of interest in detail. These text
sources may be transcripts of interviews conducted for the
purpose of causal mapping, or may be documents written for
another purpose. To construct a causal map, all causal assertions made within one or two sentences in the document are
identified, including both explicit and implicit statements of
causality. The causal statements are encoded into nodes and
links between nodes, corresponding to concepts and concept
relationships, respectively, while maintaining the original
language of the source as faithfully as possible (Axelrod 1976;
Narayanan and Armstrong 2005). The resulting causal map
will often contain concepts and relationships that are redundant due to synonyms or closely related terms used in multiple
causal statements. To simplify the map, related concepts are
merged into groups. This reduces the number of nodes and
may reduce the number of links in the network. Nelson et al.
found that three levels of granularity are useful for this process
(Narayanan and Armstrong 2005): (a) concepts, the original
words and phrases from the source document; (b) categories,
groups of multiple related concepts, joining synonyms or
other terms that are closely related; and (c) constructs, groups
of related categories. Grouping concepts leads to simpler and
more interpretable maps at the cost of some detail. The
grouping of concepts must be informed by knowledge of the
research domain in order to preserve meaning of the nodes and
relationships between them while simplifying the map. One
approach for increasing the fidelity of the map is to have
multiple researchers independently encode causal statements
repeatedly until sufficient concordance is reached (Narayanan
and Armstrong 2005). Statements of causality found in
descriptive texts commonly assert relationships between
concepts that are only indirectly related, and all such statements must be disentangled to construct an accurate hypothesis map. Additionally, some detail is necessarily lost when
converting the full text description of the research into a
hypothesis map, both through the initial encoding of the text
into a network of linked concepts, and through any further
grouping of concepts. Automated word clustering approaches
may be useful if sufficiently voluminous texts describing the
research are available, but manual clustering may be necessary to preserve scientifically meaningful concept groups.

3 Methods
3.1 Construction of hypothesis maps describing
environmental fate and transport of nanomaterials
We constructed a hypothesis map using a single collaborative research proposal for the Center for the
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Environmental Implications of Nanotechnology (CEINT),
written in 2008. CEINT is a consortium of investigators
from Duke University, Carnegie Mellon University,
Howard University, Virginia Tech, the University of
Kentucky, and Stanford University, sponsored by the
National Science Foundation and US Environmental Protection Agency.
One of the major CEINT research themes is the study of
nanomaterial transport and transformations in the environment. The primary tasks of this research theme are to
(a) connect the chemistry and size of nanoparticles to their
aggregation state and movement in the environment,
(b) characterize biological and chemical transformations of
such materials, and (c) use that understanding of nanomaterial transformations to predict their environmental
persistence, transport, and bioavailability. The section of
the proposal that described the scientific thinking on
nanomaterial fate and transport was used to construct our
illustrative hypothesis map.
For our purposes, it is not important whether or not the
hypotheses in this proposal represent the ‘‘truth’’ about
nanomaterial fate and transport, but only that the hypotheses accurately represent the understanding of nanomaterial transport as of the time the proposal was written.
Decisions concerning research allocations must necessarily
be based on current understanding of the field at the time
the research prioritization decision is being made, and so
any priority research topics suggested by this analysis
would be valid in 2008, but would change as knowledge
resulting from subsequent research accumulated. A
hypothesis map of this type cannot be validated, nor does it
need to be. It is a representation of hypotheses, not fact.
The CEINT research proposal was analyzed for all
statements of causality related to the fate and transport of
nanomaterials in the environment. A causal relationship
between two factors was assumed if statements in the
proposal indicated that one factor influenced another.
Explicit and implicit statements of known or hypothesized
causal relationships were identified by the phrases ‘‘will
likely impact,’’ ‘‘is the basis for understanding,’’ ‘‘plays a
critical role in determining,’’ and other similar statements
of influence. The causal relationships from this process
were graphed as a network of factors with the links
between nodes in the network representing the known or
hypothesized causal relationships between factors.
The concept-level causal map was also converted to a
category-level and construct-level hypothesis maps with
the procedure for grouping nodes described in Sect. 2.3.
The current degree of understanding of each link in the
construct-level hypothesis map was given a numerical
value obtained through expert elicitation. We conducted
three interviews, each with a different co-author of the
CEINT proposal, asking them for subjective opinions
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concerning the state of knowledge, and importance of
individual links of the research map.
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xj ¼ f

n
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lij xj

j ¼ 1. . . n

ð1Þ

i¼1

3.2 Information flow and centrality measures
for analysis of hypothesis maps
Mathematically, the hypothesis map is a graph
G(V, E) where V is a set of n vertices or nodes corresponding to factors in a research domain, and E is a set of
m edges consisting of ordered pairs of nodes that represent
known or hypothesized causal relationships from parent
nodes to child nodes. The network may have any structure,
including cycles; for example, the networks derived from
the CEINT proposal had instances of reciprocal causality
between pairs of nodes (e.g., transformations of nanoparticles influencing their aggregation and vice versa) and of
nodes influencing themselves (e.g., some type of nanoparticle attachment and aggregation influencing another
aspect of attachment and aggregation).
The graph is equivalently described by an n 9 n adjacency matrix A whose (i, j) entry aij is 1 if there exists a
directed link from node i to node j, and is 0 if there is not.
The knowledge of any given node is partially dependent
on the information from its upstream parent nodes in the
network. Knowledge of the parent nodes (node knowledge
scores) combined with knowledge of the mechanism of that
influence (link knowledge ratings) contributes to knowledge of the child node. Let node knowledge scores be
defined as x1 ; . . .; xn and link knowledge ratings as lij for
pairs of directed links (i, j) in the network. Link knowledge
ratings represent the level of understanding of the relationship between parent and child nodes. Link knowledge
ratings range from 0 (no knowledge) to 1 (complete
knowledge). The goal of research prioritization is to optimally increase the information that propagates through the
network by conducting research on, and increasing the
knowledge rating of each link.
Node knowledge scores xi are written as a function of
parent node scores and incoming link ratings.
We assume that the contribution from a given incoming
node and link is the product of the incoming link score and
corresponding node score (xi 9 lij). That is, both upstream
knowledge and the mechanism of influence must be
understood for the incoming link to contribute to downstream knowledge.
Second, for lack of evidence to the contrary, we assume
multiple incoming node-link pairs contribute independently to downstream knowledge. That is, node scores are a
function of the sum of the incoming links as in Eq. 1
(rather than some other function for combining contributions from incoming links).
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If the function f consists of multiplication by a proportionality constant, then the set of Eq. 1 can be written in
matrix form as Eq. 2, where the components of W (the
weighted adjacency matrix) at (i, j) are equal to aij 9 lij,
and W 0 is the transpose of W.
x ¼ aW 0 x

ð2Þ

If the matrix W contained only values of 0 and 1, then
this expression would be equivalent to the formula for
calculating eigenvector centrality, where the proportionality constant a equals the inverse of the largest eigenvalue of
W 0 . Eigenvector centrality is one way to compute the
importance of each node in a graph. The eigenvector
centrality of each node is proportional to the sum of the
centralities of the nodes which are connected to it. The
more central a node’s parents, the more central is the node
itself.
However, eigenvector centrality and similar measures
using weighted links are problematic for networks with
parentless nodes, since the links from such nodes can never
be valued. The parentless nodes can have no knowledge to
contribute to downstream nodes (Bonacich and Lloyd
2001). To avoid this problem, we assign all nodes in the
network an exogenous a priori level of knowledge defined
by a vector e. Thus, nodes without incoming links have
their exogenous a priori level of knowledge to contribute
to their child nodes. In this paper, we set e to a vector of
ones, implying equal a priori knowledge for each node,
though other initial knowledge scores could be used, if
known.
Therefore, our final formulation of the node knowledge
score is defined by Eq. 3.
x ¼ aW 0 x þ e

ð3Þ

This is equal to the expression for alpha-centrality
(Bonacich and Lloyd 2001) except that the adjacency
matrix A is replaced by a weighted matrix W (Newman
2004).
An exact solution for x in Eq. 3 is described by Eq. 4,
but involves matrix inversion, which can be computationally burdensome for large matrices.
x ¼ ðI  aW 0 Þ1 e

ð4Þ

However, if W has a distinctly largest eigenvalue, then,
for values of |a| \ k-1, Eq. 4 has an equivalent infinite sum
representation can be computed to within acceptable
accuracy relatively quickly (Golub and van Van Loan
1983) (Eq. 5).
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In Eq. 5, t is the ‘‘walk length’’ of directed walks in the
graph ending in node x. (A directed walk is a connected
sequence of nodes and links, oriented in the same direction,
without restrictions on revisiting nodes or links).
This formulation of weighted alpha-centrality scores
shows how this measure takes into account the structure of
the network as a whole while discounting distant connections more than close ones. Contributions from walks of
every possible length are added together in the infinite sum
across values of t, and when |a| \ 1, longer walks through
the network contribute less than shorter walks by a factor
of a for each additional step.
Walks in a hypothesis map represent the causal linkages
between concepts and all their distant and near contributing
factors in terms of the knowledge embodied in the linkages
at a given time. Changing the knowledge of any link
changes the knowledge flow through all nodes downstream
of that link. The network structure will influence which
changes have the largest impact.
For sufficiently large values of |a|, the infinite sum in
Eq. 5 is not convergent. In particular, the absolute value of
a must be smaller than the inverse of the largest eigenvalue
(k) of W. We set a equal to the inverse of the largest
eigenvalue of A, such that node knowledge scores are
generally defined and convergent unless research on the
map is no longer possible, i.e., when all lij = 1.
3.3 Prioritization of hypothesis map links
for investment of resources
Increasing link knowledge ratings represents increasing
understanding of the hypotheses that the links represent.
Here, we assume that the objective of new research is to
maximize the total knowledge of all factors. Thus, we
calculate sets of link knowledge ratings that maximize the
sum of node knowledge scores. Other objectives, such as
maximizing selected node scores or maximizing the minimum node score, are conceivable. We felt that maximizing
the sum of the node knowledge scores reflected the
researchers’ objective of understanding the entire field of
nanomaterial fate and transport. The minimum value for a
node knowledge score is 1, for a node without any contribution from parent nodes to its score (from the vector
e in Eq. 3). The maximum value for a node knowledge
score is unbounded; the score will diverge to infinity as all
of the node’s upstream link knowledge ratings approach 1.
In order to normalize the contribution of each node
knowledge score, each score is adjusted with a scaling
function S(x) = (x - 1)/x, which normalizes the range of
node knowledge scores from ½1; 1Þ to the range [0, 1].

To calculate optimal allocations of resources, link
knowledge ratings are chosen to maximize the sum of
scaled node knowledge scores. Let L ¼ flij;k : ði; jÞ 2 Eg
be the set of m link knowledge ratings assigned to edges in
the hypothesis map. A sequence of optimal allocations is
calculated, indexed by k, by choosing values for link
knowledge ratings lij;k 2 L under different resource constraints Rk.
There are two constraints on these optimizations: first,
link knowledge ratings cannot fall below their a priori
values (lij,0), nor can they rise above 1; second, the total
cost of increasing link knowledge ratings [C(lij,k)] cannot
exceed the resource constraint Rk. Equation 6 describes the
problem.
n
X
xi  1
maximize
lij;k 2L
xi
i¼1
subject to

ð6Þ

lij;0  lij;k  1 8ði; jÞ 2 E;
X
Cðlij;k Þ  Rk
lij;k 2L

3.3.1 Cost function and initial conditions
We set the incremental cost of increasing link knowledge
ratings to be constant and equal across links by using the
cost function C(lij,k) = lij,k, though other cost functions
could be used, if known. For simplicity, we set all a priori
link knowledge ratings (lij,0) to 0. We found that specifying
different values for a priori link knowledge ratings had
little effect on overall results (see the Supplementary
Information).
3.4 Prioritizing hypotheses for study to maximize total
system knowledge
Optimal research allocations were calculated using
numerical derivative-based local maximization over all
link knowledge ratings (L), incrementing Rk under each
iteration. This results in a series of optimal allocations for
different levels of funding that can be used to prioritize
hypotheses. Initial values of li,j,k in the sequential optimizations were set to the previous optimal value (li,j,k-1). We
found no evidence of multiple local maxima for this
network.
The priority of a given link is calculated from the series
of optimal allocations by calculating a link priority score
for each link, calculated by Eq. 7.

m 
X

Rk 
sij ¼
ð7Þ
1
lij;k  lij;k1
R
m
k¼1
This measure of link priority calculates the differences
in link knowledge ratings between sequential optimizations
(second term) and weights these differences by how early
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they occur (first term). The lowest possible link priority
score is 0, if only the final mth optimization (highest
investment level) moves lij from 0 to 1. Its maximum
possible value is close to 1 (1 - R1/Rm) if the first
optimization yields lij,1 = 1. (In this case, since a priori
link knowledge ratings are 0, then lij,0 = 0, and the
second term equals 1). Otherwise, the amounts of
investments are weighted by the total amount of
resources available when they occur. When a link’s
priority score is close to 1, investments in the link are
made despite low values of Rk (i.e., a small budget) and
the link is high priority. If a link’s priority score is close
to 0, investments in the link are made only at high
values of R and is thus low priority.
3.4.1 Prioritization of research related to the fate
and transport of manufactured nanomaterials
in the environment
In this work, we illustrate the use of hypothesis maps by
applying it to the study of the fate and transport of
manufactured nanomaterials in the environment. Manufactured nanomaterials are increasingly used in a wide
array of consumer products and industrial processes, and
pose largely unquantified risks to the environment. The
uncertainties regarding nanomaterial risks and the rapid
proliferation of nanomaterials have made the study of
nanomaterial risk an important and urgent issue (Klaine
et al. 2008). To understand nanomaterial risks, it is critical to understand the physical, chemical, and biological
processes that may transport and transform nanomaterials
in the environment, as these processes determine the
concentration and form of nanomaterials to which biota
are exposed and form the basis of quantitative risk
assessment.
Since 2007, more than 30 publications have identified
research gaps, outlined research strategies, or otherwise
contributed to efforts related to the prioritization of
research related to environmental, health, and safety
aspects of nanomaterials (NRC 2012). One of the more
comprehensive nanomaterial research strategy documents
is the National Nanotechnology Initiative (NNI) report
(NSET/NEHI 2011), which identified funding gaps and
details broad areas of research required for comprehensive
environmental risk assessment and risk management of
nanomaterials. Another overview of nanomaterial research
needs was a report published in 2012 by the National
Academy of Sciences (NAS) (NRC 2012) on funding gaps
and priorities, which highlighted the need to determine how
particular nanomaterial properties affect key processes
occurring in the environment, the standardization of
nanomaterials and nanomaterial assays, the choice of
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which nanomaterials to study, modeling efforts, data collection, and other strategic research issues. The United
States Environmental Protection Agency has also attempted to prioritize research questions regarding several specific nanomaterial applications through a series of
workshops in which experts used a sequential voting procedure to rank critical research questions (Davis et al.
2010).
3.5 Hypothesis map for the fate and transport
of nanomaterials
We identified 182 statements of causal relations (links)
among 172 unique concepts related to the fate and transport of nanomaterials from the CEINT research proposal.
The concept network contained 20 disconnected subgraphs, including 16 subgraphs containing only two or
three nodes. By collapsing synonymous concept nodes into
category nodes, the graph was reduced to 46 nodes and
131 links, with all but 4 nodes (2 links) within a single
connected graph. Further grouping of categories into
constructs resulted in a single connected construct network
consisting of 10 nodes with 40 links. Figure 1 shows a
comparison of the concept, category, and construct maps
side-by-side to illustrate the consequences of collapsing
nodes.

4 Results
4.1 Research allocation results
We ran sequential optimizations for research allocations
for both the construct-level and category-level networks. In
the category network, results indicate that it is most
important to understand how nanomaterial transformations
interact with aggregate structure (ranks 1, 2, 5, and 7).
Links connected to the ‘‘aggregate structure’’ node
(excepting one) comprised the top 20 priority links, followed by links with ‘‘nanoparticle properties’’ as parent
node (ranks 21 through 26). Low priority links were typically related to the physical movement of nanoparticles.
The 10 highest priority links, along with examples of
corresponding quotes from the research proposal, are
shown in Table 2. A summary of the category links, sorted
by the quartile of their priority scores, is given in the
Supplementary Information.
In the construct network, the 11 highest priority links in
all involve the ‘‘nanoparticle properties and transformations’’ node. This node has high centrality, as it affects 7
other nodes in the network and is affected by itself and 3
other nodes out of the 10 total nodes in the network. The
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(a) Concept network.
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(b) Category network.

Fig. 1 Three levels of hypothesis maps constructed from the proposal
section on the fate and transport of nanomaterials. The proposal
contained 182 statements of dependencies between 172 distinct
concepts, illustrated in the concept-level graph (A). The category-

(c) Construct network.

level graph (B) contained 131 influences between 46 nodes after
grouping similar concepts into categories. The construct-level graph
(C) results from a further grouping of categories and contains 40 links
between 10 distinct constructs

Fig. 2 Link priority scores
(LPS) for the construct-level
hypothesis map. Low is defined
as 0 B LPS B 1/3, Medium as
1/3 \ LPS B 2/3, and High as
2/3 \ LPS B 1

Link priority
Low
Medium
High

links with the lowest priority scores involved effects of the
‘‘matrices and composites’’ node on its child nodes. A
diagram of the construct network, with links colored by
priority score, is shown in Fig. 2. The 10 highest priority
links, along with examples of corresponding quotes, are
listed in Table 3. The links, sorted by the quartile of their
priority scores, are presented in Table 1. Optimization
results for the construct-level map show that understanding
nanomaterial transformations in the environment is most
critical for understanding the fate of transport of nanomaterials, and ultimately for understanding the risks posed
by nanomaterials in the environment. Results from both the
construct and category networks indicate the need to fully
understand the fundamental chemical properties of nanoparticles and their transformations in the environment,
including their aggregation behavior, in order to understand
the other parts of the research domain.

4.2 Alternative optimization formulations
In calculating optimal research allocations, we used cost
functions such that the cost of incrementing link knowledge ratings was constant and equal across links. Optimal
allocations calculated under this constraint are indicative of
the value of increasing knowledge in each area, but not
necessarily the cost-effectiveness of investing there. Other
cost functions, if known, could be used to more realistically
simulate research investments.

5 Discussion
Six years after the original proposal was written, after much
of the work was completed, we asked the original experts
for their reactions to the optimization we performed on their
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Table 1 Summary of construct-level links and their priorities
Parent node

Quartile of priority score

No.

Name

4th (high priority)

1

Attachment and aggregation

–

5, 9

1, 2, 3, 8

–

2

Biological interactions

–

9

–

2, 7, 8

3

Exposure, toxicity, and impacts

–

–

–

–

4

Forces on NPs

–

–

1

8

5

Macromolecular interactions

9

1, 4, 5, 7

2, 8

–

6

Matrices and composites

–

9

–

3, 7

7
8

NP amounts and persistence
NP movement and transport

–
–

9
–

3
1

–
7, 8

9

NP properties and transformations

1, 2, 3, 5, 7, 8, 9, 10

–

–

–

10

Physical and chemical environmental conditions

9

4

5

1, 8

3rd

2nd

1st (low priority)

Each node in the construct-level map is listed in the first column, along with an assigned number. Child nodes of this node are listed by number in
the other columns, divided into quartiles by their link priority score

Table 2 The ten highest-priority links of the category-level hypothesis map, sorted by average link priority score
Parent node

Child node

Example quote

Priority
score

NP properties

Aggregate structure

The primary tasks in Theme 1 are to … connect the chemistry… of
NPs to their aggregation state

0.99

NP reactivity

Aggregate structure

… we hypothesize that reactivity of nanomaterials is intimately
related to aggregate structure

0.97

Transport

Aggregate structure

Aggregate structure in turn depends on those processes leading to
aggregation, in particular, the transport processes

0.95

Aggregation

Aggregate structure

However, if aggregation leads to the formation of porous
aggregates…

0.94

Aggregate structure

NP properties

More dense aggregates of NPs have a shadowing effect of neighboring
particles

0.93

Aggregate structure

Macromolecules

… explore the role of NP aggregate morphology on interactions with
well-defined macromolecules

0.92

Aggregate structure

NP reactivity

More dense aggregates of NPs … are hypothesized to have lower
reactivities

0.92

Aggregate structure

Aggregation Kinetics

Equations 2–4 show particle aggregation rate to be a strong function
of aggregate structure

0.91

Aggregate structure

Transport

Dependence of… transport… on the structure of aggregates they form

0.91

Aggregate structure

Aggregation

More dense aggregates of NPs have reduced mass transfer into the
aggregate

0.91

2008 proposal. Although in 2010 they were not in agreement regarding the most important hypotheses, by 2014
they agreed that nanomaterial transformations were most
central for understanding the fate and transport of nanomaterials in the environment. To quote one expert, ‘‘if you
don’t get transformations right, you can’t get anything else
right.’’ Numerous papers resulting from the grant support
this statement (Auffan et al. 2010; Auffan et al. 2009;
Chang and Vikesland 2009; Cheng et al. 2011; Dale et al.
2013; Erbs et al. 2010; French et al. 2013; Gondikas et al.
2012; Kaegi et al. 2011; Kent and Vikesland 2012;
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Kirschling et al. 2011; Labille et al. 2010; Levard et al.
2012; Levard et al. 2013; Levard et al. 2013; Levard et al.
2011; Li et al. 2010; Louie et al. 2013; Lowry et al. 2012;
Lowry et al. 2012; Ma et al. 2013; Phenrat et al. 2008;
Rebodos and Vikesland 2010; Reinsch et al. 2012; Reinsch
et al. 2010; Tiwari and Marr 2010; Wiesner et al. 2011;
Wirth et al. 2012). This is not a formal validation, but it was
gratifying to note that the prioritization results were supported by the experts after the completion of the research.
The low priority given to links influencing the ‘‘exposure, toxicity, and impacts’’ node, arguably the most
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Table 3 The ten highest-priority 10 links of the construct-level hypothesis map, sorted by link priority score
Parent node

Child node

Example quote

Priority
score

NP properties and
transformations

NP properties and
transformations

Transformations of nanomaterials in the environment may affect NP
surface chemistry and therefore NP chemical reactivity

0.96

Macromolecular
interactions

NP properties and
transformations

We hypothesize that adsorbed macromolecules will reduce the innate
reactivity of NPs (such as ROS production)…

0.88

NP properties and
transformations

Macromolecular
interactions

The ratio of trains to tails and loops (i.e. adsorbed layer conformation)
will depend on… the nanomaterial properties.

0.87

NP properties and
transformations

Physical and chemical
environmental conditions

Transformations of nanomaterials in the environment may affect NP
surface chemistry and therefore NP chemical reactivity… Conversely,
nanomaterials and other chemical species they interact with may be
altered as a result of these interactions.

0.84

NP properties and
transformations

Attachment and
aggregation

we hypothesize that reactivity of nanomaterials is intimately related to
aggregate structure

0.84

NP properties and
transformations

Biological interactions

Interactions between biological macromolecules and NPs receive special
attention as we hypothesize… that NPs may modify macromolecular
properties (such as DNA expression and protein configuration)

0.83

NP properties and
transformations

NP amounts and persistence

Transformations of nanomaterials in the environment may affect NP
surface chemistry and therefore… persistence

0.83

NP properties and
transformations

Exposure, toxicity, and
impacts

Photolysis, oxidation, and subsequent dissolution (in the case of mineral
NPs) can: release toxic metals into the environment

0.83

NP properties and
transformations

NP movement and transport

Modifications to NP surfaces, engineered or unintentional, will likely
alter exposure and hazard through impacts on mobility

0.83

Environmental conditions

NP properties and
transformations

… quantify the redox properties of individual NPs and determine
environmental variables (e.g., pH and redox state) that enhance or
decrease reactivity

0.8

important node of the hypothesis map, deserves some
explanation. This result is an artifact of focusing on the
proposal’s section on nanomaterial fate and transport
research. Another set of research topics in the CEINT
research proposal is focused on nanomaterial exposure
routes, biological responses and toxicity, and ecological
impacts. That section has its own complex hypothesis map
‘‘downstream’’ of the fate and transport map, but is represented as a single node (‘‘exposure, toxicity, and
impacts’’) that influences nothing else in the fate and
transport construct map. As a result, increasing its knowledge score contributes relatively little to the overall goal of
understanding the fate and transport of nanomaterials in the
environment. Its low score was an artifact of truncating the
hypothesis map at that node.
The structure of the network is expected to change as
new hypotheses are made or disproved, and new links are
added or removed from the hypothesis map. In practice, it
would be prudent to periodically re-evaluate established
priorities as new information is generated. We assumed we
could model how link knowledge ratings might change
with additional investments, but research outcomes are
highly uncertain and research does not always succeed.

Additional research might even reveal the area to be more
complex than previously believed, in effect lowering link
knowledge ratings in the short term. In this work, we set
the costs of incrementing link knowledge ratings to be
constant and equal across links, such that results were
representative of the value of additional knowledge, but we
do not account for the cost of obtaining it or the likelihood
of success. The incorporation of elicited cost functions for
each link would be one way to deal with this problem, but
it is difficult for anyone, experts included, to quantitatively
predict future research outcomes. We found that results
were fairly insensitive to variations in the formulation of
the objective function; however, there is no guarantee that
this will be the case for other hypothesis maps (see the
Supplementary Information).
Hypothesis mapping can show what areas are important
to understand from the point of information flow, but this
will not always be the dominant consideration in prioritization decisions. We elicited subjective research priorities
from three domain experts in 2010 and found our results to
be uncorrelated with theirs. This suggests that the mapping
method may contribute a novel perspective when used in
conjunction with standard deliberative methods of research
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prioritization. Because of the complexity of research allocation decisions, we do not envision that results from
hypothesis mapping would be the sole factor in such
decisions. Rather, hypothesis mapping might be used in
combination with other prioritization approaches.
In contrast to the example that we have provided, in
which we prioritized a research endeavor where the
hypothesis map was relatively rich, funding agencies may
be interested in cutting edge science, where hypothesis
maps are more abstract and less detailed. We expect that it
would be difficult to obtain hypothesis maps that represent
the current state of the science in such a field. If, however,
a trusted initial hypothesis map could be generated and
resources allocated, initial research results could then be
used to update the hypothesis map for re-optimization.
Iterative solutions are the hallmark of optimization, after
all, and research prioritization is no exception.
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