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Introduction

T
hirty years ago, molecular modeling and simulation was
practically unknown within the chemical engineering
community. The field has grown since that time such

that now nearly every academic department has one or more
faculty members who carry out some sort of molecular-based
modeling activity, AIChE meetings host topical conferences and
dozens of sessions focused on molecular modeling and simula-
tion, and various aspects of the field have been the subject of
past Perspectives articles.1–4 Molecular modeling and simulation
is pervasive, but has it become a mainstream chemical engineer-
ing tool in the way that process simulations or finite element
modeling are? In other words, if a mainstream engineering tool
is defined as a method that is ‘‘useful, practical, and accessible’’
to a wide range of researchers, then does molecular modeling
and simulation fit this definition? The answer depends on how
you define molecular modeling and simulation.

What Are We Talking About?

In the broadest sense, molecular modeling and simulation can
be defined as the use of computational methods to describe the
behavior of matter at the atomistic or molecular level. There is a
clear distinction between this and the familiar continuum-based
modeling, in which atomic-level phenomena are neglected. A hi-
erarchy of time- and length-scales exist between the continuum
and atomic, however, and in fact the development of ‘‘multi-
scale’’ modeling tools that bridge the gap between atomic and
continuum length scales is an active research area.2 Figure 1
shows the relationship between some of the more common mo-
lecular modeling and simulation techniques, and the characteris-
tic length scale associated with each method.

Within this broad range of techniques, a pragmatic distinc-
tion can be made between computational quantum chemistry
methods (on the far left end of Figure 1), molecular simula-
tion methods such as molecular dynamics (MD) and Monte
Carlo (MC), and coarse-grained modeling methods (the two
categories on the right side of Figure 1). Computational quan-
tum chemistry is based on quantum physics, and is applied to
the electronic structure of atoms or molecules. Molecular sim-
ulation is based on classical physics and treats interactions
between atoms with empirical potential functions (force
fields). As a result, longer length and time scales can be
accessed with molecular simulation, albeit with some loss in
chemical realism. Coarse-grained methods enable even longer
time and length scales to be probed by replacing some atoms
with a mean field and/or by lumping collections of atoms into
single effective sites.

Of all the techniques listed in Figure 1, only computational
quantum chemistry has achieved a level of acceptance that
makes it a mainstream chemical engineering tool. Molecular
simulation methods such as MD and MC are not yet main-
stream tools, even though these techniques are used by many
chemical engineers and are capable of determining a much
wider range of properties of interest to chemical engineers
than quantum methods. Similarly, coarse-grained methods
have wide applicability but have not been embraced as a
mainstream tool. The reasons for this state of affairs—and
ways to overcome the barriers preventing the broader use of
MD and MC in chemical engineering—is the focus of this
Perspective. Many of the conclusions also apply to coarse-
grained methods, but these techniques will not be considered
explicitly here.

The Emergence of Molecular Simulation
in Research

There is no question that molecular simulation is a vibrant
and growing field. Driven by advances in computing speed,
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parallelization, and methodological advances, molecular simu-
lations are able to address increasingly relevant problems for a
fraction of the computational cost required just a few years
earlier. As a result, the growth in these methods has been
nothing short of fantastic. Figure 2 shows that the portion of
the total science and engineering literature that used MD as a
function of time has grown rapidly.5 In 2008, there were over
1.4 million publications in science and engineering, and over
7,000 of these used MD. Since its invention in the 1950s, MD
has grown to encompass about 0.5% of the entire science and
engineering literature, and now more than 70,000 article using
MD have been published. The number of articles using MC is
even higher, although some of these are not ‘‘molecular-
based’’ MC studies. It is clear that molecular simulation is
playing an increasingly important role in science and engi-
neering research. What are all these articles about?

Molecular simulation activities can be grouped into two cate-
gories: discovery-driven research and data-driven research1. Dis-
tinctions within these two broad classes are shown in Table 1.

The discovery mode consists of studies in which new phe-
nomena are predicted that have not yet been observed experi-
mentally, or explanations are sought for known phenomena
that are not understood. It also includes efforts aimed at devel-
opment and validation of new simulation methods or force
fields. Some recent examples of new phenomena discovery
include calculations predicting a negative thermal expansion
coefficient for metal organic framework materials,6 simula-
tions that explained the vaporization process for ionic liquids,7

the discovery of new porous materials,8 and molecular simula-
tions that predicted dramatically enhanced transport diffusiv-
ities of gases although smooth carbon nanotube pores.9 It is
more common for molecular simulations to be used to explain
the origin of observed phenomena. There are many examples
of this type of use, including studies directed at explaining the
nature of hydrophobicity,10 shear-induced crystallization,11

processes behind amyloid formation12 and criticality in ionic
systems.13 Finally, examples of methodological improvements
and force field development include efforts to develop better
Monte Carlo sampling methods,14–16 improved nonequili-
brium molecular dynamics methods,17 and transferable force
fields for thermodynamic and transport property calcula-
tions.18,19 By their nature, discovery mode simulations are
dominated by ‘‘academic’’ users (researchers at universities

and national labs), and generally do not require the use of
standardized methods or software. Often, flexible ‘‘proto-
typing’’ software serves discovery-driven researchers better
than standardized programs, whose source code is often diffi-
cult to modify. Force fields must capture the essential physics
of the system, but the trends and general phenomena sought in
discovery studies do not necessarily require that the force
fields yield accurate properties or that they be transferable
from one molecule or state point to another.

Data-driven simulations consist of calculations where
accurate property predictions are made with little or no input
from experiment. Simulations can be used to interpolate
between experimental data, extrapolate outside the range
where data are available, or predict properties for compounds
for which little or no data are available. Examples include pre-
dictions of the viscosity of alkanes,19,20 binary phase dia-
grams,21 and gas absorption isotherms.22 Molecular simula-
tions are also used to develop and validate molecular theories
such as the SAFT equation of state,23 models for adsorption
and transport in porous materials,24 and other equations of
state and local composition models.25,26 In some cases, molec-
ular simulations can be used directly in conjunction with per-
turbation theory to estimate properties for process simula-
tors.27 Simulations can even be used as a check of experi-
ments, especially for cases where interpretation is difficult or
the experiment itself is hard to conduct. This is becoming an
increasingly important area for simulations, with the advent of
nanoscale experimental methods that indirectly address molec-
ular-scale phenomena.28,29 Data-driven simulations are best
carried out with widely accepted and validated codes. Accu-
rate force fields are required, and non-specialists need to be
able to calculate many properties on a time scale that makes
molecular simulation a better alternative than direct experi-
mental property measurement. An oft-quoted statistic from an
International Technology Research Institute report30 illustrates

Figure 2. Fraction of articles in science and engineering
(S&E) that use molecular dynamics.

Obtained from a search of Web of Science records
for S&E journals.5 Similar growth is observed for
related methods such as Monte Carlo. As of 2008,
over 0.5% of the more than 1.4 million articles pub-
lished each year in Science and Engineering use
MD. In specialized journals, the fraction is much
higher. For example, in 2008 3% of all articles
appearing in Physical Review Letters used MD.

Figure 1. Different molecular modeling and simulation meth-
ods, along with characteristic length scales associ-
ated with each technique.
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how data-driven quantum chemical calculations have achieved
this practical level of importance to industry. In 1996, meas-
uring a heat of formation for a single molecule cost $70,000,
but could be computed with reasonable accuracy for $20,000.
By 2000, the same experiment cost $100,000 but an even
more accurate calculation cost $2,000. Today, it is hard to
imagine a company that needs heats of formation not using
computation almost exclusively.

The Industrial Fluid Properties Simulation Collective
(IFPSC)31 was established to help make data-driven molecular
simulation a reality for the chemical industry. Their vision
was that, ‘‘A robust, accurate, and easy-to-use set of modeling
tools will be widely available for the prediction of physical
properties of fluids and obtaining insight into the connections
between molecular structure and properties.’’ Molecular sim-
ulations will become a mainstream chemical engineering tool
only when data-driven molecular simulations can be con-
ducted in a routine manner by non-experts. Essentially, this
means that mainstream status will occur when the IFPSC
vision is realized, but this vision remains elusive. The remain-
der of this Perspective describes the barriers and challenges
that stand in the way of this vision.

Making Molecular Simulations a
Mainstream Chemical Engineering Tool

The ordering of methods in Figure 1 is from smallest to
largest characteristic length scale, but this ordering also holds

for the relative ‘‘acceptance’’ of the methods in chemical engi-
neering, where acceptance refers to the ease with which non-
experts can and do use the methods with confidence to obtain
meaningful results. For computational quantum chemistry, ac-
ceptance is high for several reasons. At its heart, computa-
tional quantum chemistry has a single, well-defined objective:
find the energy of one or more molecules by solving the time-
independent Schrödinger equation. From this one can under-
stand bonding, structure, chemisorption thermodynamics, gas
phase thermochemistry, and reaction mechanisms and rates. It
is the most ‘‘mature’’ of the simulation techniques with a ro-
bust support infrastructure. The majority of practitioners use a
handful of validated codes with refined interfaces. Benchmark
calculations can be run and compared to those compiled by
NIST at the Computational Chemistry Comparison and
Benchmark DataBase. Web-based interfaces such as WebMo
have been developed for setup and submission of jobs for a
wide range of different packages. Basis sets can be down-
loaded (or uploaded) from the Basis Set Exchange service,
supported by the Department of Energy Office of Science. A
hierarchy of approximations is used, with generally accepted
guidelines for how to increase the accuracy of a given calcula-
tion. As a result of all of these factors, computational quantum
chemistry is used—and has widespread acceptance—by
researchers in both academia and industry.32 While experts
pioneer new methods and applications, non-experts can easily
use this tool in their daily research; it is common to see exper-
imentalists supplement their work with quantum calculations.

Table 1. Examples of Discovery-Driven and Data-Driven Molecular Simulation Activities
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The same cannot be said for molecular simulation, which is
much more ‘‘diffuse’’ than quantum chemistry. As discussed
previously, MD and MC are used to examine a vast range of
topics, with most of the academic emphasis being on discovery-
driven research. An enormous number of methods and techni-
ques have been invented to enable these calculations to be car-
ried out. Not surprisingly, there are few ‘‘standard’’ procedures
or approaches that are agreed upon. The accuracy of a simula-
tion hinges on the quality of the force field used, but there are
no clear guidelines for how to systematically improve the qual-
ity of a force field. While there are several supported open
source and commercial MD codes, many researchers still de-
velop and write their own MD software because it facilitates
discovery research. With MC, the number of choices for
‘‘standard’’ codes is much smaller, so most researchers develop
their own methods specific to the problem they are studying.
Setting up an MD or MC calculation typically requires a fair
amount of patience and expertise; aside from a few examples,
user interfaces for cutting edge software are primitive or non-
existent. Easy-to-use commercial software is available, but in
general these closed proprietary codes lack the capabilities and
power of modern open source codes. There are no formalized
benchmark standards to compare calculations against. For all
these reasons, it is much less likely for a non-specialist to con-
duct an MD or MC simulations to learn something about a sys-
tem than for a non-expert to run a quantum calculation.

The major exception to this has been in the pharmaceutical
industry, where molecular simulation has been enthusiastically
adopted for both discovery-driven and data-driven applica-
tions. There are at least two reasons for this. First, the pharma-
ceutical industry spends significantly more on R&D than does
the chemical industry and they have chosen to invest in mo-
lecular simulation. As an example, in 2007 both Pfizer ($8.1
billion), and Johnson and Johnson ($7.2 billion) outspent the
22 major U.S. chemical companies combined spending of
$5.38 billion.33 Second, the problems addressed in biological
simulations tend to be more amenable to standard approaches.
Temperatures and pressures are narrowly focused at physio-
logical conditions, the dominant solvent is water and force
fields parameterized to handle sugars, amino acids, nucleic
acids and lipids, enable a huge range of biological problems
to be addressed. In contrast, problems in the chemical industry
are often concerned with wide ranges of temperatures and
pressures, a vast number of different solvents, and a much
broader range of molecule types and topologies.34 In other
words, while the problems in biological simulation are
extremely complex, the set of inputs to a simulation and scope
of properties to be computed are much more defined and
limited than those present for a calculation in the chemical
industry.

Molecular simulations can become a mainstream chemical
engineering tool for data prediction as well as a new form of en-
gineering modeling tool by following some of the examples that
have worked for computational quantum chemistry and molecu-
lar simulations in the pharmaceutical industry. Below are some
requirements that must be met for this to occur.

Narrow the scope of the problems addressed
Having a broad range of problems to address is desirable

for discovery-driven molecular simulations, but for data-

driven applications, the scope of what is calculated must be
defined so that tools can be developed and optimized for those
properties. Industry needs to indicate what the most important
properties are, so that reliable tools for predicting these prop-
erties can be developed. Figure 3 shows one such ranking
developed by Gupta and Olson at Dow Chemical Co.34 In
their estimation, simulations should focus on properties that
are both hard to measure experimentally and are important in
process design, such as those in the upper right quadrant of
Figure 3. Those in the upper left quadrant are also important
but less relevant, mainly because engineering models have
been developed which do an acceptable job correlating these
properties.

Simplify calculation setup
Given reasonable computer resources, a modern parallel-

ized code, and a clear understanding of the properties to be
computed, the amount of time a user might have to wait for
the simulations necessary to compute the properties in the
upper half of Figure 3 is actually quite short—perhaps on the
order of a few hours to a few days. Yet if one were to try to
compute all of the key properties in Figure 3, the actual time
to completion would be measured in months and not days.
This is because setting up a particular calculation can often
take longer than the simulation itself, and each different prop-
erty might require the use of a different method, a different pi-
ece of software, a different simulation and a different set of
analysis tools. The human ‘‘setup’’ and ‘‘analysis’’ times for a
simulation are a major barrier to the more widespread adop-
tion of molecular simulations. Once a clearly delineated set of

Figure 3. Physical properties for which molecular simulation
can be used as a predictive data-driven research
tool, according to researchers at Dow Chemical.

The abscissa ranks properties according to their
relevance as compared to the difficulty of making
the experimental measurement. The ordinate ranks
properties according to their importance in chemical
process design and development. The top right
quadrant lists properties where molecular simula-
tions are most likely to have an impact in chemical
process design. (After Gupta and Olson, Ref. 34).
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properties to compute is identified, a set of tools to make such
calculations easier to initiate should be developed. Web-based
tools like WebMo are one model for how this can be done.
Another is to use ‘‘front ends’’ developed with scripting lan-
guages such as Python, which can be linked to compiled
‘‘back end’’ simulation engines.

Provide integrated software and
analysis tools

To calculate all the important properties in Figure 3, differ-
ent simulation techniques must be used. MC is intrinsically
the best method for computing phase equilibria, while MD is
needed for transport properties. Either MD or MC can be used
to compute volumetric properties and heat capacities. The fact
that different methods are needed for different properties adds
several complications to the use of these techniques.

First, there are several distinct MC methods that can be
used, each having its own strengths and weaknesses. Second,
MC is not an especially easy tool to make general, because
individual moves that are useful for certain types of molecules
are either unnecessary or ineffective for other types. Third, a
user needs the expertise to select the proper method, ensemble
and collection of moves for a given problem. This means gen-
eral MC software capable of handling a range of molecules
and force fields with smart systems that can select ensembles
and moves are needed. As of now, there is only one open
source MC code available—MCCCS Towhee—that comes
close to meeting these requirements,35 although in reality it is
still far from what is needed in terms of performance, paralle-
lization and ease of use.

On the other hand, MD is much more generally applicable
than MC because its method of propagating trajectories for-
ward in time is independent of the kind of molecules involved.
There are many more general MD codes available for use,
including LAMMPS, NAMD, GROMACS, CHARMM and
DL_POLY. The techniques available in these codes are suffi-
cient for computing transport properties as well as volumetric
properties. By using methods such as thermodynamic inte-
gration, some thermodynamic properties can be computed
with MD.

The bottom line is that no single or integrated package of
software exists that can compute all of the properties required
for chemically oriented data-driven research. The individual
tools do exist, however, so ultimately efforts are needed to
integrate these disparate methods into a useful form. Tools
that translate input files, output files, and force field files
between different software packages, as well as analysis pro-
grams that take the output of simulations and compute the
desired properties would help. Such tools are being developed
but on a case-by-case basis in different research groups. Coor-
dination of these activities would pay big dividends for data-
driven simulations.

Develop and archive force fields

If calculations are to be accurate for data-driven applica-
tions, then high-quality force fields must be available. A huge
number of force fields have been developed over the years,
but functional forms vary and the parameters are generally
scattered throughout the literature. Extensive parameteriza-
tions have been made for biological molecules and several

codes incorporate these force fields in their distribution. Even
so, developing (or even selecting) a force field for a given
molecule requires expertise and patience.There are at least
two major problems associated with force fields that must be
overcome. First, there are huge gaps in the availability of
force fields for many molecules at the temperatures and pres-
sures required for the chemical industry. Parameterizations
must be conducted and verified against experimental data for
a wide range of compounds of interest. Industry should iden-
tify classes of compounds and state points where the need is
greatest, and funding to support open force field development
for these systems should be provided. Force field development
is often viewed as a thankless, necessary evil in the academic
community, but it is an important task that would be taken on
by researchers if funding were provided.

Second, once force fields are developed, that information
needs to be captured and disseminated. A large amount of
force field development work has been done already, but the
results are scattered throughout the literature. Many force
fields outside the biological area have been developed in an
ad hoc manner for a few select compounds, with little regard
to transferability or generality. Exceptions exist, such as the
free TraPPE18 and commercial COMPASS36 force fields. Still,
much more needs to be done before generally applicable and
broad-based force fields are available. Like the different basis
sets used in computational quantum chemistry, agreed upon
functional forms and sets of parameters should be developed
and then stored in an online database, similar to the basis set
exchange database. Authors who develop new force fields
must be encouraged to upload their force fields to these data-
bases, while those who use a given parameter set could upload
their results to provide feedback on the utility of the force
field. By having force fields uploaded to a single verifiable
site, problems that regularly plague conventionally published
force fields such as typos, omitted parameters and poorly
specified details of use would be eliminated. We have estab-
lished a simple force field database at Notre Dame (http://
www.nd.edu/;lmmr) in which Lennard-Jones parameters for
a wide range of atom types are available for upload or down-
load. Likewise, Ilja Siepmann’s group has posted a searchable
web-based database of TraPPE parameters at http://www.
chem.umn.edu/groups/siepmann/trappe/intro.php. This basic
concept could be built upon and expanded by agencies such as
NSF, DOE or NIST. It is impossible to understate the impor-
tance of having a central repository for force field parameters.
With such a tool, the research community could see and
objectively evaluate the performance of force fields side-by-
side, thereby driving innovation and improvement.

Provide validation databases

Validation refers to two different things. First, researchers
need a sense of how accurate a data-driven calculation is,
which is determined by comparison against experimental data.
Second, one needs confidence that a particular method or pi-
ece of software performs as intended.

In the first case, a database should be established where cal-
culated properties can be uploaded and stored, along with
related experimental data. This could be associated with the
force field database mentioned previously. In addition to the
actual properties computed, complete details of how the simu-
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lations were carried out, including input and force field files,
would be archived. A database similar to NIST’s popular
Chemistry WebBook or Computational Chemistry Compari-
son and Benchmark DataBase are good models for this. To
encourage submission of computed properties to the database,
an approach similar to that taken for experimental data by the
journals Fluid Phase Equilibria, Journal of Chemical Engi-
neering Data, International Journal of Thermophysics, Jour-
nal of Chemical Thermodynamics, and Thermochimica ACTA
could be used. Experimental data submitted to these journals
are compared against data in NIST’s Thermodynamics
Research Center’s database. Authors must provide their data
in a format that enables comparison and archiving. Having
similar capabilities for simulated data would enable direct
comparison of the accuracy of different approaches, force
fields and techniques. It would help identify weaknesses in
methods and force fields as well as outright errors, thereby
leading to systematic improvements. Moreover, such a valida-
tion procedure would contribute greatly to the credibility of
simulations, by archiving an objective collection of molecular
simulation successes (and failures).

The second type of validation that is required is one in
which researchers can check whether a particular method or
program is performing a calculation in the correct manner.
Perhaps the best example of the way in which this is currently
done is the extensive use and reliance on accepted Lennard-
Jones fluid properties when developing new simulation techni-
ques. Benchmarks for more complex systems such as water,
aromatics, alkanes, and salts are needed. Forces and energies
of molecular configurations could be tabulated and used to
test codes. Benchmarks are also needed for analysis tools and
methods that assign uncertainties. This latter area is one that
is especially important, as there are widely varying methods
used to assign uncertainty, not all of which are statistically
sound. Again, NIST provides validation services for quantum
calculations, and should consider doing the same for molecu-
lar simulations. Much of the validation that presently takes
place occurs behind the scenes by informal discussions among
researchers. It is time for benchmarks to be formally estab-
lished and made known to all researchers.

Create a molecular simulation database
One of the more time-consuming aspects of conducting a

molecular simulation is generating an initial equilibrated sys-
tem. To do this from scratch, a representation of a single mol-
ecule of each type appearing in the simulation must be gener-
ated and then replicated to populate a simulation box at a
given density. Finally, a simulation is run to relax the system
at the state point of interest. NIST already provides structures
of many single molecules on the Chemistry WebBook site. It
would be a simple matter to develop an online ‘‘molecular
database’’ where researchers could deposit structures of single
molecules as well as entire equilibrated configurations for sys-
tems they have studied. The protein data bank (PDB) archive
is a good model for this kind of database. The PDB works
because it allows researchers to upload new structures as well
as search for and download archived structures. Interestingly,
the establishment of the protein data bank led to the pdb
standard for how to describe molecular configurations. Simi-
larly, developing a molecular simulation database would drive

standardization of input and output file formats, as well as the
development of tools that can translate formats between those
used by different software packages.

Summary and Conclusions

Molecular simulation is a vibrant and growing area of
research within the chemical engineering community. Its use
is pervasive within the academic community. The most com-
mon form of use is in discovery-driven research, where new
phenomena are predicted and explained. To become a main-
stream computational tool, however, non-expert users must be
capable of carrying out data-driven molecular simulations to
compute properties of interest or develop and test new engi-
neering models. Such data-driven calculations are already rou-
tinely performed for quantum chemical simulations, and to
some extent for molecular dynamics simulations in the biolog-
ical community. Monte Carlo and molecular dynamics simula-
tions are not yet a mainstream tool in the chemical field, how-
ever, because several barriers are preventing their adoption.

The recommendations made here will help overcome these
barriers. Many of these suggestions are already being under-
taken by researchers around the world, but in an ad hoc man-
ner. An agency or multinational body needs to help coordinate
these efforts by establishing goals and guidelines, and provid-
ing funding to support the development of the tools, software
and databases required. In the U.S., NIST is the most logical
agency, given their mission of supporting commerce and their
expertise in related matters. Other organizations such as the
Centre Europeen de Calcul Atomique et Moleculaire
(CECAM), or a consortium of companies and universities
could also provide the necessary organization and coordina-
tion. When harnessed, the user community at large can ac-
complish much more than a single institution or company, as
amply seen in the overwhelming success of open source and
free software.

Over the last 50 years, molecular simulation has grown into
a powerful tool for discovery-driven research, and now makes
up a significant fraction of the total research enterprise. These
advances are the result of twin developments in methods and
computing power. While these advances continue, the adop-
tion of molecular simulation as a mainstream tool for data-
driven research will require the integration of disparate meth-
ods and the harnessing of information technology tools such
as databases and web-based applications. Ultimately this is an
engineering problem, and chemical engineers are poised to
play a key role in this challenge in the coming decade.
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