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From a ‘‘Data Poor’’ to a ‘‘Data Rich’’
Paradigm

‘‘M

ay knowledge surround us in all directions!’’—
so prayed the ancient seers of the Rig Vedic era.
It appears, however, we will all be surrounded
by data, indeed drown in a deluge ﬁrst, before our deliverance
to the promised land of knowledge and understanding.
Chemical engineering is at important crossroads. Driven by
a convergence of powerful forces such as the great progress in
molecular sciences and computer/communications technologies, ever increasing automation of globally integrated operations of our enterprises, tightening regulatory constraints, and
competitive business pressures demanding speed to market for
products and services, our discipline is in an unprecedented
transition. One important common outcome from this convergence is the generation, use, and management of massive
amounts of diverse data, information, and knowledge.
Such a data deluge is coming from smart sensors in process
plants, ab initio quantum calculations, molecular dynamics
simulations, and so on. We are moving from an era of limited
data obtained through time-consuming experiments and simulations to one of a tsunami enabled by high-throughput experiments and TeraGrid computing environments— it is a dramatic transition from a ‘‘data poor’’ to a ‘‘data rich’’ paradigm.
Further, the extensive monitoring of equipment, processes,
and products at all scales, from individual units to globally
integrated supply chains, enabled by revolutionary progress in
sensing and wireless communication technologies such as
RFIDs, is another source of such data overload.
For instance, in pharmaceutical drug development and manufacturing, the amount and complexity of information of different types, ranging from raw experimental data to laboratory
reports to complex mathematical models, that need to be
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stored, accessed, validated, manipulated, managed, and used
for decision making are staggering (McKenzie et al., 2006). A
tremendous amount of information is generated in the form of
raw data from analytical instruments, images, spectra, laboratory notes, various calculations from simulation tools, chemometric models, etc. This information is often in different formats, such as plain text ﬁles, Word documents, Excel worksheets, JPEG ﬁles, MPEG movies, mathematical models, and
so on. A typical FDA ﬁling for a new drug approval requires
nearly half a million pages of documentation of such data and
information.
However, it is not raw data that we are after. What we
desire are in-depth knowledge and mechanistic, ﬁrst-principles based, understanding of the underlying phenomena that
can be modeled to aid us in rational decision making. However, knowledge extraction and model development from this
data deluge are major challenges. Past approaches developed
in a ‘‘data poor’’ era do not work well in this new world. The
new environment requires imaginative thinking to address
these challenges. This is where cyberinfrastructure (CI) and
informatics will play a crucial role.
Now, cyberinfrastructure and informatics may mean different things to different people; therefore a deﬁnition, however,
limited, can be helpful. The report from the National Science
Foundation’s Blue-Ribbon Advisory Panel on Cyberinfrastructure, the Atkins Report (Atkins, 2003), uses an analogy to
industrial infrastructure such as transportation, communication, or power systems to deﬁne cyberinfrastructure as ‘‘the
infrastructure based on distributed computer, information,
and communication technology. If infrastructure is required
for an industrial economy, then we could say that cyberinfrastructure is required for a knowledge economy.’’ Another deﬁnition, also put forward by NSF which may be considered as a
working deﬁnition, states that CI is the ‘‘integration of hardware, middleware, software, data bases, sensors, and human
resources, all interconnected by a network.’’ Obviously, even
this is quite broad, but that’s the nature of the terrain. Nevertheless, it articulates the different components and stresses the
importance of middleware, integration, and networking.
Vol. 55, No. 1
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In a similar vein, for informatics, a useful working deﬁnition is that it is the study of the structure, algorithms,
behavior, and interactions of systems that store, process,
access, manage, communicate, and use information. While the
discipline of informatics has developed its own conceptual
and theoretical foundations, it also utilizes foundations developed in other ﬁelds. Informatics is generally seen as a key
component of cyberinfrastructure.
One might ask at this juncture, quite reasonably, ‘‘How are
cyberinfrastructure and informatics approaches different from
what we have been doing all along?’’
Much of the past contributions only addressed different slices of the overall problem, but not the entire picture — data,
information, and knowledge management issues were
addressed separately, leading to stand alone systems with
limited capabilities and signiﬁcant integration barriers. In
addition, the amount and complexity of data are orders of
magnitude greater now, which is changing the scope of the
challenge dramatically, resulting in data warehouses that often
become data graveyards. The time has come, and the appropriate theoretical frameworks and practical technologies are
emerging, to address this problem in toto by developing more
comprehensive approaches.

From Data to Knowledge to Decisions:
Beyond Differential Equations
Addressing these formidable modeling and informatics
challenges would require a broader approach to modeling than
what chemical engineers are used to.
In common parlance, one tends to use the terms data, information, and knowledge more or less synonymously. However,
they do represent different concepts, and that distinction
becomes important in developing formal frameworks to represent and reason with them. Simply stated, data address the
question what (e.g., ‘‘What is the temperature T in reactor
CSTR-108?’’), while information answers the question how
(e.g., ‘‘How are T and the concentration of product B (CB)
related?’’), by revealing the relationships or correlations
between the entities of interest (e.g., CB increases with T).
While information is more ‘‘informative’’ than raw data are, it
does not, however, answer the crucial question of why CB
should increase with T. For this we require a more detailed
mechanistic model of the phenomenon, which we refer to as
knowledge in this context.
Thus, data, information, and knowledge do address different
things, as answers to the questions what, how and why.
Answering why (and why not) in detail is the most important
and fundamental of all quests.
Such distinctions become important as we develop formal
methodologies necessary for automating tasks such as acquisition, representation, storage, manipulation, modiﬁcation of,
and reasoning with, data, information, and knowledge. The
formal representation techniques used for data, information,
and knowledge are often quite different, the automation protocols for their exchange are also different, and so are the algorithms used for manipulating and reasoning with them for decision-making. In the past, these issues did not seem terribly
important as there was a tremendous amount of human intervention in passing data and information from one program to
AIChE Journal
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another, and people took care of all these barriers. However,
given the increased need to automate such computational tasks
due to the data deluge, as well as due to the complexity of the
problems we are addressing, these issues are now facing us
front and center.
Generally speaking, when one mentions modeling to chemical engineers, people often think of a system of differential
and algebraic equations (we will refer to this class of models
as DAEs). However, there is a wider variety of knowledge
representation concepts leading to other classes of models
(Ungar and Venkatasubramanian, 1988) which will play an
important role in this emerging future. While it is not the purpose of this article to have an extensive discussion on various
modeling concepts, it is, nevertheless, useful for our theme to
outline and summarize the issues involved.
One may broadly classify models into (1) mechanismdriven models based on ﬁrst-principles, and (2) data-driven
models. Again, each of these classes may be further categorized into (1) quantitative and (2) qualitative models. Combinations of these classes lead to hybrid models.
DAE models are suitable for a certain class of problems
that are amenable to such a mathematical description; chemical engineering has abundant examples of this class. However,
there are other kinds of knowledge that do not lend themselves
to such modeling. For example, reasoning about cause and
effect in a process plant is central to fault diagnosis, risk analysis, alarm management, and intelligent supervisory control.
Knowledge modeling for this problem class does not typically
lend itself to the traditional DAE view of modeling. In some
simple cases perhaps one can, but they are incapable of
addressing real-life industrial process systems, which are often
complex and nonlinear with incomplete and/or uncertain data.
Furthermore, even for simple systems DAE based models are
not suitable for generating explanations about causal behavior.
This problem often requires a hybrid model, such as a combination of a graph theoretical model (e.g., signed digraphs), or
a production system model (e.g., rule-based representations),
and a data-driven model (e.g., principal component analysis
(PCA) or neural networks) (Venkatasubramanian et al., 2003).
Thus, while we are quite familiar with ODE/PDE, statistical
regression, and mathematical programming models, we are
less so with other classes such as graph theoretical models (as
noted, used extensively to perform causal reasoning in abnormal events identiﬁcation and diagnosis, risk analysis etc.), Petri nets (used for modeling discrete event systems), rule-based
production system models (used in knowledge-based systems
for automating higher-order reasoning), semantic network
models such as ontologies (used in materials discovery and
design that utilize complex relational databases, domain-speciﬁc compilers, etc.), object-oriented models such as agents
(used in simulating the behavior and decision-making choices
of independent, interacting, entities endowed with complex
attributes and decision-making powers), and so on. In addition, there are the data-driven quantitative models such as pattern recognition based models (e.g., neural nets, fuzzy logic),
stochastic models (e.g., genetic algorithm, simulated annealing), etc.
Even though Rudd, Siirola, and Powers recognized, as far
back as the 1960s, the need for such an alternative modeling
philosophy in the context of process synthesis (Rudd et al.,
1971), not much work on this subject appeared in the chemi-
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cal engineering literature until the 1980s. This renewed interest was propelled by the progress in knowledge representation
and search techniques in artiﬁcial intelligence (AI), as well as
in computing hardware and software. Outstanding examples
from that era are the DESIGN-KIT system for process engineering (Stephanopoulos et al., 1987), and the DECADE system for catalyst selection (Bañares-Alcántara et al., 1987).
However, the progress was viewed with skepticism and its
products as curiosities at the fringes of academic research.
Nevertheless, recognizing the importance of this alternative
philosophy, both Warren Seider (1993) and George Stephanopoulos (1994) highlighted this need in their CAST award
acceptance speeches in the hope of stimulating further research.
Over the recent decade, much progress has been made as
these methodologies proved their value by addressing problems of practical importance, which were previously hard,
even impossible, to solve using the traditional modeling techniques. These AI-based modeling approaches have become
more mainstream now, accepted as a part of the modeling arsenal of process systems engineers, with several important
successes in the domains of abnormal events management,
molecular products design, process synthesis, process safety
analysis, scheduling, and so on.
Despite all of this progress, the number of academic
researchers developing the alternative modeling methodologies in chemical engineering is very small and woefully inadequate considering the emerging challenges. This is mostly
due to two factors: (1) the barrier of entry is quite high —
requiring a considerable investment in time and effort to
achieve a sufﬁcient level of mastery in knowledge representation and search techniques, algorithm engineering, databases,
compilers, and so on, which are not part of a typical chemical
engineering education program, and (2) certain misconceptions about what the intellectual challenges are, as discussed
later.
However, the crucial emerging trend, borne out of several
necessitating factors, is the ever increasing automation of
higher-order reasoning and decision-making. These activities
that were once considered to be the exclusive domain of
humans, are slowly, but surely, being taken over by computers. Such automated reasoning and decision-making will
be driven by models, but these are not going to be limited to
the DAE-based models that we train our students on. To be
sure, the DAE-based models will play their useful role wherever they are appropriate, but the other kind will play an
increasingly important role as we discussed above. This has
important implications for our educational mission.
In some sense, we would be better off if all our modeling
needs could be addressed by just the DAE models. It is a
much more mature ﬁeld of study, with decades of literature on
how to deﬁne, formulate, and solve such models. The alternative modeling philosophy, on the other hand, does not enjoy
these advantages as much. These alternative models are typically used for ill-posed or ill-structured problems (hence, do
not enjoy the luxury of being amenable to DAE models), lacking a unique approach, and with a certain amount of heuristic
element to them. They often lack the beauty and rigor of the
DAE models. However, these deﬁciencies are sufﬁciently
compensated for by their ability to address, although not
always, messy, real-life, industrial problems where they often
provide very good solutions, even optimal ones.
4
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It is important to recognize that these two approaches, in
general, are complementary and not competitive, even though
there are problems where they do compete. As noted previously, if indeed there is a DAE-based solution that would be
satisfactory for a given problem, one should pursue it instead
of the other methodologies. The strength of the alternate modeling philosophy lies is its ability to address a class of problems that are not amenable to the DAE framework. However,
one often falls into the trap of using a particular modeling
technique as the panacea for all problems — e.g., to a principal components analysis (PCA) specialist, every problem may
seem to require that particular approach, reminding us of the
adage ‘‘to a person with a hammer, every thing looks like a
nail!’’ What we need is not such a ‘‘tool driven’’ outlook, but
a ‘‘tool box’’ oriented modeling philosophy, where we are
comfortable in using a wide variety of modeling tools, as
determined by the features of the problem at hand. It is helpful
at this point to remind ourselves of what Prof. George Box,
the statistician from the University of Wisconsin, once
famously said: ‘‘All models are wrong, some are useful.’’

Dispelling Some Misconceptions
All this would require innovative thinking, imaginative
approaches, and getting over some misconceptions.
For instance, there is a tendency to underestimate informatics as just programming or database management. This
would be akin to stating that chemical engineering is nothing
but chemistry carried out in large vessels — i.e., ‘‘large-scale
chemistry’’. About a hundred years ago, as our discipline was
emerging, some people did think that, and, in fact, some of
the early departments were called Deptartment of Industrial
Chemistry, reﬂecting that attitude. Certainly, there is chemistry
being done in those large process units, but, as we all know now,
there is much more to it. Similarly, informatics certainly involves
programming, but that’s not all. Certainly, informatics involves
data storage and management, but that’s not all.
Another misconception is this is not chemical engineering
and that computer scientists/engineers will somehow address
such problems for us. Once again, invoking another chemical
engineering analogy, this would be like thinking that since
transport phenomena problems are solved by using differential
equations, mathematicians would address these core problems
of our discipline for us. Again, as we know, they cannot as
they lack the application domain knowledge. They can provide us with generic concepts, tools, and techniques, but it is
up to us to suitably adapt and extend these with our domain
knowledge to solve our problems.
This leads to a related misconception that this is all a
matter of tracking new developments made by computer
science researchers and applying them in chemical engineering, implying that there is no creative contribution
being made. But, then this criticism is equally applicable to
the other modeling tools that chemical engineers use. It is
important to realize that the use of informatics and intelligent systems modeling concepts and techniques in chemical
engineering is no different from the modeling tools we have
historically borrowed, adapted, and enhanced from mathematics (e.g., linear algebra, and differential equations, etc.),
operations research (e.g., MILP, MINLP, IP, etc.), or statistics (e.g., PCA, PLS, etc.).
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As it happened in these applications, the nature of our domain knowledge, constraints, and objectives provides us with
opportunities to make novel intellectual advances on top of
what we borrow from computer science. For instance, in the
area of molecular products design (e.g., design of catalysts,
fuel additives, rubber compounds, pharmaceuticals, etc.) or
conceptual process design, the state-of-the-art techniques in
computer science have not been adequate to address the representation and algorithmic challenges posed by the complexities in molecular structures, reaction networks and pathways,
the need to automatically generate and solve a large set of
model equations from reaction networks, and so on. This has
led to advancements in the concepts, tools, and techniques
themselves, such as the creation of domain-speciﬁc representations and languages (Bañares-Alcántara et al., 1987; Stephanopoulos et al., 1990; Prickett and Mavrovouniotis, 1997;
Katare et al., 2004), compilers (Hsu et al., 2008), ontologies
(Venkatasubramanian et al., 2006; Morbach et al., 2007),
modeling environments (Stephanopoulos et al., 1990; Ghosh
et al., 2006; Nagl and Marquardt, 2008), molecular structure
search engines (Balachandra, 2008), and chemical entities
extraction systems (Balachandra, 2008), etc. These references
by no means constitute a comprehensive list, and there are
other such contributions. These contributions go beyond the
original computer science techniques which were developed
for relatively simpler application domains that lack the richness of complex chemistries, nonlinear systems, process conﬁgurations, and decision choices seen in chemical engineering
problems.

Cyberinfrastructure for Knowledge
Modeling in Chemical Engineering:
Current Trends and Future Outlook
The emerging ‘‘data rich’’ networked environment will
eventually impact all aspects of our discipline and, in fact, the
effects are being felt in some areas already. These effects are
spawning new application domains and opportunities for our
modeling skills. The following summary is not meant to be a
comprehensive review, but only a representative survey of
some recent developments that could serve as useful starting
points for interested readers to explore further. We ﬁrst summarize progress in general purpose environments, and then
outline domain or application speciﬁc results.
Cyberinfrastructure developments have been along the
lines of concepts, methodologies, and tools required for two
broad categories of needs: (1) Data Modeling and Management, and (2) Knowledge Modeling and Management. Cyberinfrastructure typically involves (1) hardware, (2) software,
(3) middleware, (4) networking, and (5) domain knowledge
components in an integrated environment. Progress in hardware generally has been in developing high-performance and
parallel computing environments such as the TeraGrid. Middleware are systems that connect multiple applications
through the use of a common data model. Use of a common
information model makes it possible for greater ﬂexibility
and efﬁciency. Software integration includes middleware
between different software or programming languages. Networking usually exploits the Internet and wireless communication technologies.
AIChE Journal
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General purpose tools and environments:
Modeling and simulation
While efforts such as the CAPE-OPEN (Computer-Aided
Process Engineering-OPEN) standard, which deﬁne interfaces
between physical property packages, numerical solvers, and
unit operation libraries, have been underway for a decade,
issues of interoperability have been gaining a great deal of importance recently. In an extension of CAPE-OPEN, Braunschweig et al. (2004) proposed a framework (COGents) for combining and assembling CAPE-OPEN compliant components
using software agents. Similarly, component-based hierarchical explorative open process simulator (CHEOPS) (Schopfer
et al., 2004) is a conceptual framework for process model integration. CHEOPS includes a neutral model representation
(conceptual object model), a tool wrapper, a modeling tool, a
formulation bridge (to convert between two model formulations) and solution algorithms. More recent advances in this
project are described in Nagl and Marquardt (2008).

General purpose tools and environments:
LIMS and data warehouses
Vast amounts of data and information are frequently
entered into Laboratory Information Management Systems
(LIMS) and e-Lab Notebooks (electronic laboratory notebooks, ELN) (Paszko and Pugsley, 2000), which are repositories of raw data. Important recent progress toward storing and
managing such large data sets include the virtual laboratory
(VL) project at the University of Amsterdam (Frenkel et al.,
2001), and XSIGMA (Kim et al., 2006). However, most current LIMS and ELN solutions utilize database schemas, which
often limit the capacity for the description of complex relations between information entities. This is addressed by developing domains-speciﬁc ontologies as discussed below. Data
warehouses (Gardner, 2005) use specialized database schemas
to abstract and store a copy of data from several sources, and
enable those data to be queried through a single query.

General purpose tools and environments:
Ontologies, languages, and compilers
Addressing the challenges in modeling and informatics
requires a departure from the application-centric approach of
the past to an information-centric framework. In this new paradigm, the underlying data, information, and knowledge are
modeled explicitly, independent of the tools that use these.
Instead of encoding such information in objects in a particular
programming language or tool speciﬁc constructs, the information is explicitly described. However, to describe the information explicitly, the syntax (i.e., structure), as well as semantics
(i.e., meaning) of the information must be deﬁned. The explicit
description of domain concepts and relationships between these
concepts is known as an ontology (Gruber, 1993).
Recent developments in the ﬁeld of ontology have created
new software capabilities that facilitate the implementation of
the information-centric infrastructure. Compared to a database
schema which targets physical data independence, and an
XML schema which targets document structure, an ontology
targets an agreed upon and explicit semantics of information.
As a result, while the functionalities of this infrastructure can
be implemented in a traditional client-server framework, the
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Figure 1. A more detailed view of some of the ontological relationships in POPE.
Prepared by Pradeep Suresh, Laboratory for Intelligent Process Systems, School of Chemical Engineering, Purdue
University, W. Lafayette, IN 47906.

main beneﬁts of this ontology-driven architecture are its openness and semantic richness.
One recent development is the Purdue Ontology for Pharmaceutical Engineering (POPE) to support automated decision-making by intelligent systems for pharmaceutical product
and process development and manufacturing (Venkatasubramanian et al., 2006). POPE is composed of several ontological
subsystems that formally model data, information, and knowledge regarding experiments, materials, chemical species and
reactions, expert knowledge, unit operations, and mathematical models using the web ontology language (OWL) (OWL,
2004). A particularly innovative contribution in POPE is the
creation of a mathematical models ontology, which represents
mathematical models, as well as their underlying assumptions.
This framework separates the declarative and procedural components of mathematical models creation, manipulation, and
solution. The cover picture of this journal shows the overall
architecture of POPE, which integrates formal models of data
and information with mathematical models and guidelines to
support automated decision-making. Figure 1 shows a more
detailed view of some of the ontological relationships in
POPE.
The utility of such an environment might be illustrated with
an example. Consider a typical problem scenario in pharmaceutical manufacturing, one where the recent batch of tablets
have failed the dissolution test — a critical test where one
evaluates how well a sample tablet dissolves in 250 mL of
buffer. Current approaches to diagnosing and resolving this
6
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important product quality problem requires a detailed and
thorough investigation, comparing current batch records with
those of previous batches, proposing failure hypotheses, analyzing and checking hundreds to thousands of pages of documentation on raw material properties, process operating conditions, design speciﬁcations, modeling assumptions (made a
few years ago when the models were originally developed for
this manufacturing process by an engineer who is no longer
with the company), and even the original laboratory data on
dissolution (from experiments conducted several years ago
with data recorded as entries in hard to read laboratory notebooks). Using a POPE-like ontological informatics system,
such data, information, and models would be readily accessible through the ontological relationships for an operator or a
design engineer to make the right decisions at the right time.
Such a system would greatly empower human decisionmaking in real-time by screening vast quantities of data and
information to ﬁnd better solutions, thereby reducing the time
to complete a complex reasoning task.
Let us now summarize recent progress in some application
domains of interest to chemical engineers.

Computational chemistry
There have been several attempts in the chemistry domain.
For instance, GridChem (2005) is a Java desktop application
that includes a client, a grid middleware server and a set of
distributed, high-end computational resources. Computational
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chemistry tools are connected, through the GridChem client
portal that undertakes job management, to a middleware
server that handles data management. The middleware server
is connected to computational grids like GLOBUS, Condor
and MyProxy. Both the middleware server and GridChem client portal are connected to long-term storage.
The Collaboratory for Chemical Kinetics (ChemSeer, 2006)
provides a web environment which includes a database of
chemistry documents, tools for search like Tableseer and
Chemistry Entity Search, as well as access to a Globus grid
environment for grid computation. NorthWest Chemistry
(NWChem) (Kendall et al., 2000) is another important software system for computational chemistry on a grid.

Molecular products design and discovery
Molecular products design deals with the important and difﬁcult problem of discovering and designing new materials and
formulations with desired properties. This encompasses a wide
variety of products such as fuel and oil additives, polymeric
composites, rubber compounds, paints and varnishes, catalysts,
etc. Recent research efforts are beginning to address the informatics and multiscale modeling challenges (de Pablo, 2005) in
this domain. One such attempt is the multiscale model-based
informatics framework called Discovery Informatics (Caruthers
et al., 2003). The discovery informatics framework has led to
the successful development of automated, rational, materials
design systems in several industrial applications, such as gasoline additives (Sundaram et al., 2001), formulated rubbers
(Ghosh et al., 2000), and catalyst design (Katare et al., 2004).
As noted above, the richness and complexity of the underlying
chemistries in this domain has led to important advancements
in knowledge representation, languages, compilers, molecular
structure search engines, chemical entities extraction systems,
and so on. The recent contribution by Dion Vlachos and his
group (Prasad and Vlachos, 2008) is another example of the
value of the informatics based approach in catalytic chemistry.
There is considerable literature in domains such as drug discovery, bioinformatics (Floudas, 2007; Moore and Maranas,
2004), etc., which we have not even touched due to space constraints. The modeling and informatics challenges in other
application domains such as smart manufacturing plants
(Davis, 2008; Edgar and Davis, 2008), enterprise-wide optimization (Grossmann, 2005), sustainable energy and environmental systems, pharmaceutical engineering, nanoscale engineering, engineering virtual organizations (pharmaHUB,
2008) etc., require cyberinfrastructure based solutions.

Summary
Driven by powerful convergent forces, the coming data deluge poses unprecedented challenges and opportunities in modeling and informatics fronts. While computer scientists and information technologists can help, the demands imposed by the
chemical engineering domain-speciﬁc knowledge and constraints, which are unlikely to be understood and appreciated
by outsiders, make it clear that only chemical engineers can
address these challenges— in particular, these need to be
addressed by the process systems engineering community as it
is the one best positioned to do so. However, addressing these
AIChE Journal
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would require discarding some traditional misconceptions
about informatics and non-DAE based modeling methodologies, and fostering innovative approaches toward a wider class
of knowledge modeling. Great opportunities for making ﬁeld
deﬁning intellectual contributions await us in inventing chemical engineering domain-speciﬁc cyberinfrastructure components such as ontologies, compilers, molecular structure and
semantic search engines, chemical entities extraction systems,
languages for modeling chemical reaction pathways, modeling
and knowledge management environments, visualization, virtual organizations, cybersecurity systems, and so on. Naturally, all these also provide us with opportunities for new business ventures in high-end modeling and informatics products
and services. This is a long, adventurous, and intellectually
exciting journey that we have only barely begun, but progress
in this will revolutionize all aspects of chemical engineering
for years to come.
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