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Introduction

D

uring the last three decades, the research area of systems engineering has emerged as a domain of fundamental importance and major impact within chemical
engineering, as well as a cornerstone area in interdisciplinary
research initiatives with computer science, operations research,
applied mathematics, materials and life sciences. This is attributed to the unique characteristics of systems engineering which
are the combination of analysis and synthesis for the design,
optimization, and operation of processes and products. The
product and process discovery research efforts are founded on
fundamental advances in mathematical modeling, optimization
theory and algorithms, and insights derived either from existing
operations and/or from biology, chemistry, and physics. The
fundamental advances are epitomized through new theoretical,
algorithmic, and modeling frameworks for (a) mixed-integer
linear and nonlinear optimization, (b) deterministic global optimization, and (c) dynamic simulation and optimization. The
proposed modeling and optimization approaches have multiscale applications ranging from macroscopic to mesoscopic to
microscopic systems, and which provide a natural and fundamental link between systems engineering, computational
chemistry, computational biology and systems biology. Approaches based on mixed-integer linear and nonlinear optimization which were typically identiﬁed with process synthesis,
scheduling and planning applications, have entered the domains of gene regulatory networks, metabolic networks, signal
transduction networks, beta-sheet topology prediction in proteins, de novo peptide and protein design, DNA recombination,
phase problem in X-ray crystallography, side chain optimization in protein prediction, peptide identiﬁcation via tandem
mass spectroscopy. Approaches based on deterministic global
optimization associated with process design, synthesis, scheduling, and pooling/blending applications, are now in the main
stream of product design, structure prediction in protein folding, dynamics of protein folding, NMR protein structure reﬁnement, and de novo protein design. Approaches based on
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dynamic models and large scale optimization which were identiﬁed with process models and their applications, are suited for
metabolic and signal transduction networks. As a result, a
synergism between systems engineering, computational biology, and systems biology has evolved gradually, opened new
research avenues and has reached the stage where fascinating
research contributions address important questions in computational biology with methods and tools from systems engineering which combine mathematical rigor with key biological
insights.
This article provides a perspective on the challenges and
opportunities that emerge from the fundamental developments
in the research ﬁelds of systems engineering and computational
biology. The advances in the areas of deterministic global
optimization and process scheduling are introduced ﬁrst, followed by their respective research opportunities. The revolution of genomics is discussed next with a particular focus on
the advances and challenges in the areas of structure prediction
in protein folding, de novo peptide and protein design, and
peptide and protein identiﬁcation via tandem mass spectroscopy. This article is based on material presented as an invited
talk at the session on “The Future of Chemical Engineering
Research III” during the 2004 annual AIChE meeting.

Deterministic Global Optimization
Global optimization addresses the computation and characterization of global minima and maxima of a nonconvex objective function subject to a nonconvex set of equality and
inequality constraints. There are ﬁve primary objectives in
deterministic global optimization: (1) determine an epsilonglobal minimum with theoretical guarantee; (2) calculate valid
and tight lower and upper bounds on the global minimum; (3)
identify an ensemble of good quality local solutions close to the
global minimum; (4) enclose all solutions of the equality and
inequality constraints; and (5) prove whether a constrained
nonlinear optimization problem is feasible or infeasible. It is
important to emphasize that even though objectives (1), (4),
and (5) are the ultimate targets from the mathematical analysis
viewpoint, it is objectives (2) and (3) that are of major importance and greater potential impact in a variety of engineering
applications.
Vol. 51, No. 7
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Figure 1. Important elements of deterministic global optimization approaches.

During the last two decades, we have experienced an explosive interest and growth in developing new theoretical and
algorithmic frameworks for global optimization, as well as
their applications to important scientiﬁc problems. From the
historical global optimization perspective, there has been a
two-order of magnitude increase in the number of publications
since the early 1980s. It is now established that global optimization exhibits ubiquitous applications that span all branches of
engineering, applied sciences, and sciences.1 In this century,
several textbooks addressing a diverse set of topics in global
optimization were published (e.g., Floudas1; Horst, Pardalos,
and Thoai2; Tawarmalani and Sahinidis3; Zabinsky4). Neumaier5 surveyed constrained global optimization and continuous constraint satisfaction problems with an emphasis on interval arithmetic. In a recent review article, Floudas et al.6
provided a detailed account of the research progress in deterministic global optimization.
Figure 1 presents the fundamental components of deterministic global optimization methods. These include (1) the generation of convex underestimators, (2) the partitioning of the
continuous domain into subdomains, based on the principles of
the divide and conquer (i.e., Branch and Bound) approach, and
(3) the generation of lower bounding and upper bounding
sequences which converge within epsilon in a ﬁnite number of
steps. In the following section, a summary of important advances in deterministic global optimization along with representative references is presented ﬁrst, followed by an assessment of the current status along with the posed challenges and
opportunities.
Advances in Deterministic Global Optimization. The important advances belong to the following six categories: (a)
convex envelopes and convex under-estimators; (b) twice continuously differentiable constrained nonlinear optimization
problems; (c) mixed-integer nonlinear optimization problems;
(d) bilevel nonlinear optimization problems; (e) optimization
problems with differential-algebraic equations; (f) grey-box
and factorable models; and (g) enclosure of all solutions. In (a),
convex envelopes were proposed for odd degree univariate
monomials,7 for trilinear monomials with positive or negative
or mixed domains,8,9 for fractional terms over a unit hypercube,10 and for edge-concave functions.11 Convex extensions
were introduced for lower semicontinuous functions.12 Convexiﬁcation techniques were introduced for general twice conAIChE Journal
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tinuously differentiable functions,13-16 for fractional terms,17-19
for trigonometric functions,20 generalized polynomials,21 and
through the reformulation-linearization technique.22 In (b), new
classes of global optimization algorithms were introduced,
such as the ␣BB,14,15 p-␣BB,23 generalized-␣BB,16,24 interval
analysis techniques,25-28 and terrain methods.29,30 In (c), a variety of theoretical and algorithmic approaches for mixedinteger nonlinear optimization problems were proposed. These
include disjunctive programming techniques,31-33 the extended
cutting plane approach,34-36 the smin-␣BB and gmin-␣BB approaches,37 decomposition-based approaches,38,39 and the
branch and reduce optimization navigator, Baron.40 In (d),
global optimization methods were introduced for bilevel nonlinear models,41,42 for bilevel linear-quadratic models,43 and for
bilevel mixed-integer optimization models.44 In (e), global
optimization methods were proposed for dynamic parameter
estimation models and optimal control problems45-52, and for
hybrid discrete/continuous dynamic models.53-56 In (f), approaches were introduced based on interval analysis,25,57 response surface methods,58 radial basis functions,59 and nonfactorable constraints.60 In (g), methods for the enclosure of all
solutions were introduced using interval analysis61-63 and using
the ␣BB approach.64 As result of these advances, the current
status in deterministic global optimization can be regarded as
having great success for the development of new theories and
algorithms, but with applications restricted to small and medium size problems.
Challenges in Deterministic Global Optimization. The research opportunities and challenges in global optimization include (a) developing improved convex underestimation techniques for general functions; (b) introducing new theoretical
results for the derivation of convex envelopes or approximate
convex envelopes for general multi-linear functions, general
twice continuously differentiable functions, and trigonometric
functions; (c) addressing medium to large-scale twice continuously differentiable nonlinear optimization models, such as
pooling problems; (d) developing methods for medium and
large-scale mixed-integer nonlinear optimization models which
arise in process synthesis, design, planning and scheduling, and
generalized pooling problems; (e) introducing new theoretical
results and algorithms for dynamic optimization models and
semiinﬁnite programming problems; (f) developing new approaches for grey-box optimization, (g) introducing new theories and algorithms for multi-level nonlinear optimization, and
(h) developing new global optimization frameworks for nondifferentiable optimization models.

Process Operations: Scheduling
Multiproduct and multipurpose plants that operate in batch,
semicontinuous, and continuous mode manufacture a variety of
products through several sequences of operations, denoted as
recipes. At the same time, the products share the available
pieces of production equipment, inventory and storage units,
intermediate materials and raw materials. Process scheduling
addresses the optimal assignment of tasks to units over the
allotted time horizon in such complex operations. The typical
data provided in process scheduling problems include data on
the production (i.e., tasks and sequences for each product); the
available production units and their capacities; the initial, intermediate, and ﬁnal storage capacities; the cleanup requireVol. 51, No. 7
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Figure 2. State task network and optimal schedule.

ments for transition between different products; the product
demands and their due dates; and the time horizon of interest.
The primary objectives are to determine (1) the optimal sequence of tasks that take place in each unit over time; (2) the
optimal amount of material produced at each task in each unit
and each time; and (3) the processing time of each task in each
unit over time. Typical performance criteria introduced for
optimality include the maximization of production, the minimization of makespan, the minimization of cost, and the maximization of the contribution margin. Figure 2 depicts an instance of a state task network and the gantt chart of the optimal
schedule.
During the last three decades, the research area of process
scheduling has received great attention from both academia and
industry. A number of reviews in process scheduling were
published. Reklaitis65 provided an overview of scheduling and
planning for batch operations. Rippin66 outlined the batch
process systems engineering area. Bassett et al.67 reviewed the
techniques with a focus on model integration. Shah68 reviewed
optimization-based approaches for process scheduling of individual and multiple sites. Pekny and Reklaitis69 pointed out the
implications of the solution methods for scheduling and planning problems. Pinto and Grossmann70 reviewed the assignment and sequencing models for process scheduling. Floudas
and Lin71 provided an overview and assessment of the continuous-time formulations vs. the discrete-time models for process scheduling problems, and discussed the role of scheduling
at the design stage and in the presence of uncertainty. Floudas
and Lin72 reviewed the advances of mixed-integer linear optimization approaches for the scheduling of chemical process
systems with a focus on short-term scheduling. In the sequel, a
summary of the key advances in process scheduling is discussed, and the research challenges are outlined.
Advances in Process Scheduling. A key advance in the
late 1980s was the development of a general discrete-time
formulation for scheduling73,74,75 which introduced a uniﬁed
framework based on the state-task-network (STN) representation. During the last decade, the most important advances in
process scheduling correspond to the transition from discretetime formulations to continuous-time representations and their
formulations (see review by Floudas and Lin71). These advances can address (a) sequential processes, and (b) general
processes represented as networks. For sequential processes,
1874
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the continuous-time contributions can be categorized as slotbased approaches,76-82 and nonslot-based methods.83-91 For
general processes, the continuous time advances can be classiﬁed into global event based models,92-104 and unit-speciﬁc
event-speciﬁc based representations.105-114 The advances based
on the continuous-time representations resulted in signiﬁcant
reduction of the combinatorial complexity, provided improved
solutions and reduced integrality gaps, and allowed for the
effective treatment of short-term scheduling in large-scale industrial case studies. Advances were also introduced for medium-term scheduling,110,115 reactive scheduling,116-121 and
scheduling under uncertainty.122-132 As a result of these advances, the current status of process scheduling reﬂected
through the novel continuous-time formulations can be considered as leading toward bridging the gap between theory and
applications, especially since proposed approaches can be applied to large-scale industrial case studies.
Challenges in Process Scheduling. The research opportunities in the general area of scheduling include (a) new modeling and algorithmic approaches for reducing/closing the integrality gap for short-term scheduling problems; (b) improved
methods for medium-term scheduling; (c) new approaches for
multi-site production scheduling; (d) new reactive scheduling
methods; (e) the theoretical and algorithmic studies of methods
for scheduling under uncertainty which can address a large
number of uncertain parameters; (f) new methods for design,
synthesis and scheduling under uncertainty; (g) new approaches for planning under uncertainty, and (h) new uniﬁed
frameworks for planning and scheduling under uncertainty.

The Genomics Revolution
The genomics revolution has elevated the importance of
challenges and opportunities in bioinformatics and computational biology, and opened new avenues for the development of
fundamental methods, which share the systems engineering
viewpoint, and their applications to important systems biology
problems. Figure 3 depicts a number of such challenges. The
completion of several genome projects provided a detailed map
from the gene sequences to the protein sequences. The gene
sequences can be used to assist and/or infer the connectivity
within or among the pathways. The large number of protein
sequences makes protein structure prediction from the amino
acid sequence of paramount importance. The elucidation of the

Figure 3. The genomics revolution.
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protein structures through novel computational frameworks
and established experimental protocols provides key elements
for the structure-based prediction of protein function. These
include the identiﬁcation of the type of fold, the type of
packing, the residues that are exposed to solvent, the highly
conserved residues, the candidate residues for mutations, as
well as the shape and electrostatic properties of the fold. Such
elements provide the basis for the development of approaches
for the location of active sites, the determination of structural
and functional motifs, the study of protein-protein, proteinligand complexes and protein-DNA interactions, the design of
new inhibitors, and drug discovery through target selection,
lead discovery and optimization. Better understanding of these
interactions will assist in addressing key topology related questions in both the cellular metabolic and signal transduction
networks. In the sequel, three major components of the genomics revolution roadmap will be addressed: structure prediction
in protein folding; de novo protein design; and peptide and
protein identiﬁcation via tandem mass spectroscopy.

Structure Prediction in Protein Folding
Proteins are polymers consisting of 20 amino acids joined by
peptide bonds and fold into a unique three-dimensional (3-D)
structure which according to the thermodynamic hypothesis,133
corresponds to the global minimum free energy of the system
(i.e., monomeric globular protein in solution at physiological
temperatures).
Protein structure prediction is a fundamental scientiﬁc problem and it is regarded as a holy grail in computational chemistry, molecular and structural biology. Given an amino acid
sequence (i.e., the primary structure) which represents a monomeric globular protein in aqueous solution and at physiological temperatures, the objectives are to determine (1) all helical
segments and all beta-strands (i.e., the secondary structure
elements), (2) all pairs of beta-strands which form beta-sheets
(i.e., the beta-sheet topology), (3) all disulﬁde bridges if cysteines are present, and (4) the 3-D folded protein structure (i.e.,
the tertiary structure) which also includes loops that connect
secondary structure elements and links that have no secondary
structure.
During the last six decades, the protein structure prediction
problem and the question of how proteins fold have attracted
the interest of and tantalized many researchers across several
disciplines. Two viewpoints provide competing explanations to
the protein folding question. The classical opinion regards
folding as a hierarchical process, implying that the process is
initiated by rapid formation of secondary structural elements,
followed by the slower arrangement of the actual three-dimensional structure of the tertiary fold. The opposing perspective is
based on the idea of a hydrophobic collapse, and suggests that
the tertiary and secondary features form concurrently. Contributions for protein structure prediction are classiﬁed into four
major categories: (a) homology/comparative modeling, (b) fold
recognition/threading, (c) ﬁrst principles methods which use
database information, and (d) ﬁrst principles methods without
database information. In a recent review article, Floudas et
al.134 provide a detailed description of the research progress in
protein structure prediction and de novo protein design. In the
remainder of this section, an outline of the key advances is
AIChE Journal
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presented along with the current status and the research challenges.
Advances in Protein Structure Prediction The important
advances in protein structure prediction will be discussed based
on the aforementioned four classes. In (a), the probe and
template sequences are evolutionarily related and the main
hypothesis is that sequence similarity implies structural similarity.135-140 The methods in (b) rely on the better evolutionary
conservation of structure than sequence, and the query sequence is matched to a structure from a library of known folds
using a variety of scoring functions.141-151 In (c), information
from databases and/or statistical methods is used for secondary
structure elements, certain tertiary contacts, and fragments (i.e.,
short amino acid sequences) which are assembled using scoring
functions.149,150,152-159 The methods in (d) are ﬁrst principles
approaches that do not make use of the database information,
but instead seek the minimum of the free energy of the protein
in an aqueous solution using physics based atomistic potential
force ﬁelds.160-179 An example of the methods of (4) is the
Astro-Fold framework176 which combines the aforementioned
classical and new views of protein folding. Astro-Fold identiﬁes ﬁrst the helical segments through detailed free energy
calculations of an overlapping set of oligopeptides and the
introduction of deterministic global optimization. In the second
stage, Astro-Fold predicts the beta strands and beta sheet
topologies via a mixed-integer linear optimization model that
maximizes the hydrophobic interactions. In the third stage, free
energy calculations for the loops provide tighter bounds for the
backbone angles of the loop residues. Finally, the fourth stage
combines the secondary structure predictions, develops restraints, formulates a constrained global optimization model,
and predicts the tertiary structure through a novel class of
hybrid global optimization methods. As evidenced from the
CASP experiments,180-183 the current status of the research in
protein structure prediction is that signiﬁcant progress has
taken place and low/medium resolution structures can be predicted for proteins of about 150 –200 amino acids with different
degrees of success.134
Challenges in Protein Structure Prediction. The research
challenges and opportunities in protein structure prediction
include (a) improved methods for the prediction of helices; (b)
improved methods for the prediction of beta-sheet topologies;
(c) new methods for loop structure prediction with ﬁxed stems,
and ﬂexible stems; (d) new methods for the prediction of
disulﬁde bridges; (e) improved force ﬁelds for fold recognition;
(f) improved force ﬁelds for high-resolution structure prediction; (g) new methods for fold recognition; (h) new approaches
for treating uncertainty in force ﬁelds and their predictions; (i)
new methods for the packing of helices in globular proteins; (j)
new methods for the packing of helices in membrane proteins;
and (k) methods for structure prediction of helical membrane
proteins.

De Novo Protein Design
The major aim in the research area of de novo protein design
is to determine the amino acid sequences, which are compatible
with speciﬁc template backbone structures that may be rigid or
ﬂexible. In the early 1980s, it was denoted as the “inverse
protein folding” problem184 primarily because of the screening
of sequences for a ﬁxed structure. The de novo protein design
Vol. 51, No. 7
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problem is of fundamental importance since it aims at improving our understanding on the mapping of the space of amino
acid sequences to known protein folds or postulated/putative
protein folds. It is also of signiﬁcant practical importance on
the grounds that it can lead to the improved design of inhibitors, design of novel sequences with better stability, design of
catalytic sites of enzymes, and drug discovery.
There are three important components in the de novo protein
design problem: (a) the deﬁnition of the template backbone
structure; (b) the sequence selection; and (c) the validation of
the fold speciﬁcity and fold stability. The template backbone
structure can be (1) a single rigid backbone (e.g., the average
NMR structure for a protein); (2) a set of rigid backbone
structures (e.g., all NMR structures for a protein or a discrete
number of randomly selected rigid structures, based on some
algorithmic procedure or a discrete set of rigid structures, based
on a parameterization of the backbone); or (3) a ﬂexible backbone structure deﬁned by lower and upper bounds on the
distances between the alpha carbon atoms and the backbone
dihedral angles. It is apparent that true backbone template
ﬂexibility is reﬂected in (3) since it allows for all possible
combinations of distances and backbone dihedral angles within
their speciﬁed ranges, while (2) considers only a small subset
of ﬂexible structures, and (1) is restricted to a single structure
only. Recent studies discussed the degree and modes of ﬂexibility via principal component analysis applied to a database of
protein structures.185,186 The sequence selection component
faces enormous combinatorial complexity since the search
space is m n, where m are the amino acids, and n is the number
of positions (e.g., for all 20 amino acids in a protein with 100
positions, there are 20 100 sequences). The validation of the
fold speciﬁcity requires structure prediction calculations for the
sequences, while the fold stability requires appropriate free
energy calculations. Experimental validation may also be
needed for the fold speciﬁcity and fold stability.
During the last two decades, a lot of academic and industrial
attention focused on the de novo protein design problem. This
is evidenced by several recent reviews.124,187-194 Most of the
contributions assume a single rigid backbone template,195-197 or
they allowed for slight overlaps of atoms by reducing the
atomic radii.198,199 A number of contributions considered a set
of rigid backbone template structures.200-206 In contrast, the
ﬂexibility of the backbone template structure expressed as
ranges for the distances, and the backbone dihedral angles is
considered in one recent approach.207,208
Advances in De Novo Protein Design The important advances in computational methods for de novo protein design
can be divided into three groups: (a) deterministic approaches;
(b) stochastic approaches; and (c) combinatorial library centered methods. The deterministic approaches in (a) can be
classiﬁed into those based on the dead end elimination (DEE)
criterion and/or its variants,196,197,209-218 those based on the
self-consistent mean ﬁeld (SCMF) framework,219,220 and those
based on quadratic assignment-like models coupled with distance dependent force ﬁelds for the sequence selection and
deterministic global optimization with atomistic level force
ﬁelds for the validation of fold speciﬁcity.207,208,221 The DEE
and SCMF approaches assume rigid backbone templates and a
discrete set of rotamers. The stochastic approaches in (b) can
be classiﬁed into those based on genetic algorithms and/or
combination with Monte Carlo sampling,198,201,222,223 those
1876
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based on iterating between sequence optimization for a ﬁxed
backbone conformation and gradient based optimization of the
backbone coordinates for a ﬁxed sequence using a Monte Carlo
protocol and the Rosetta program,206,224,225 and those combining Monte Carlo searches for the sequence selection and the
self-consistent mean ﬁeld for structure generation and energy
evaluation.204,205 The combinatorial library methods formulate
the de novo protein design problem as the maximization of
entropy subject to a set of constraints.193,226,227 The current
status of research in computational methods for de novo protein
design has several validated successes and offers an optimistic
view for the future. These include the design of the active site
on alpha-lytic protease,228 the zinc ﬁnger,197 the catalytic site of
superoxide dismutase,229 the WW motif,223 the protein Top7
which exhibits a new fold,206 novel inhibitors for complement
three,207,208 novel receptors and sensor proteins and a calcium
binding protein,230,231 and a biologically active enzyme.232
Challenges in De Novo Protein Design. The research challenges and opportunities in de novo protein design include (a)
improved methods for in silico sequence selection with ﬂexible
backbone templates; (b) improved force ﬁelds for de novo
design; (c) simultaneous sequence and structure selection with
ﬂexible templates; (d) design of inhibitors of components of the
complement three such as C3a; (e) design of novel antibacterial
peptides based on human beta-defensins; (f) discovery of novel
G protein coupled receptors; (g) de novo design of small and
medium size proteins with known and postulated folds; and (h)
mapping the sequences to known folds.

Proteomics: Peptide and Protein Identiﬁcation
via Tandem Mass Spectroscopy
Peptide and protein identiﬁcation are the central and most
fundamental problems in proteomics. Tandem mass spectroscopy (MS/MS) coupled with high-performance liquid chromatography (HPLC), has emerged as a powerful experimental
technique which can be used to reliably identify and analyze
peptides and proteins within a complex mixture of proteins. A
mixture of proteins is initially digested into peptides by enzymes, such as trypsin, and the peptides are subsequently
separated via HPLC, ionized and measured for mass/charge
ratios via a mass spectrometer (e.g., Finnigan LCQ ESI-MS/
MS). Peptides with a speciﬁc mass/charge ratio are subsequently fragmented via collision-induced dissociation (CID),
and the resulting ions mass/charge ratios are measured by the
mass spectrometer. Several types of ions are generated with the
most typical being b-ions and y-ions. The primary objective is
to identify the peptides and proteins that exist in the complex
mixture from the ion peaks in the spectra produced using
tandem MS/MS, and develop novel in silico methods for highthroughput proteomics (see Figure 4).
The extensive amount of sequence information embedded in
spectra from tandem MS/MS has served as an impetus for the
recent development of numerous computational approaches to
sequence peptides robustly and efﬁciently, with particular emphasis on the integration of these algorithms into a highthroughput computational framework for proteomics. The two
most frequent computational approaches reported in the literature are database search methods and de novo graph theory
based methods, both of which can utilize deterministic, probVol. 51, No. 7

AIChE Journal

Summary
This article has highlighted the advances and challenges in
the multidisciplinary research domains of deterministic global
optimization, process scheduling, structure prediction in protein folding, de novo protein design, and peptide/protein identiﬁcation via tandem mass spectroscopy. As evidenced from
the contributions, there exists a synergism for systems engineering approaches with formal mathematical analysis frameworks and computational biology. From the challenges perspective, there is a plethora of research opportunities at both
the macroscopic and microscopic levels for chemical engineering and computational biology.
Figure 4. Peptide and protein identiﬁcation through tandem mass spectroscopy.

abilistic and/or stochastic solution techniques. The databasebased approaches have been used more extensively than the de
novo approaches especially for high-throughput proteomics. At
the same time, however, they exhibit several limitations, which
include that (1) they may not include the spectrum for the
sought peptide; (2) the protein database may not have the
correct protein due to errors in gene-ﬁnding programs; (3)
sequence databases do not exist for proteomes whose genomes
have not been resolved; (4) databases can not capture new
protein variants that result from gene splicing; and (5) they
cannot address amino acid mutations and protein modiﬁcations, such as phosphorylation. Several review articles presented the state of the art in the ﬁeld from the database and
statistical analysis perspective,233,234 and the de novo viewpoint.235
Advances in Peptide and Protein Identiﬁcation. The key
advances in computational methods for peptide and protein
identiﬁcation are discussed, based on the classiﬁcation into (a)
database-based approaches, and (b) de novo approaches. In (a),
most of the approaches rely on the use of probabilistic or
statistical models for scoring the tandem mass spectra with
those available in the databases.234,236-238 Another class of
methods which are stochastic and use genetic algorithms were
recently proposed.239,240 The methods in (b) employ a graph
theoretical framework coupled with a penalty/reward function
which is correlated by empirical observations and/or heuristic
methods.235,241-245 An alternative technique to the graph-based
approaches postulates hypothetical spectra and uses an empirical best-ﬁt objective which tries to match the experimental
spectra.246
Challenges in Peptide and Protein Identiﬁcation. The research challenges and opportunities in peptide and protein
identiﬁcation through tandem mass spectroscopy include (a)
new ﬁrst principles methods, based on combinatorial optimization for peptide identiﬁcation using only information of the
ion peaks in the spectrum; (b) new methods for peptide identiﬁcation under uncertainty in the experimental data; (c) new in
silico methods for peptide identiﬁcation which address the
missing peaks from the spectra; (d) efﬁcient hybrid methods
which combine ﬁrst principles methods with database driven
approaches for robust peptide identiﬁcation; and (e) new approaches for protein identiﬁcation.
AIChE Journal
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time models for production planning and scheduling of
batch processing plants: Mixed integer linear program
formulations and computational issues. Comp Chem Eng.
2001;25:371-389.
Lee K, Heo S, Lee H, Lee I. Scheduling of single-stage
and continuous processes on parallel lines with intermediate due dates. Ind Eng Chem Res. 2002;41:58-66.
Zhang X, Sargent RWH. The optimal operation of mixed
production facilities - A general formulation and some
solution approaches for the solution. Comp Chem Eng.
1996;20:897-904.
Zhang X, Sargent RWH. The optimal operation of mixed
production facilities - Extensions and improvements.
Comp Chem Eng. 1998;22:1287-1295.
Schilling G, Pantelides CC. A simple continuous-time
process scheduling formulation and a novel solution algorithm. Comp Chem Eng. 1996; 20:S1221–S1226.
Schilling G, Pantelides CC. Optimal periodic scheduling
of multipurpose plants. Comp Che Engng. 1999;23:635655.
Mockus L, Reklaitis GV. Mathematical programming
formulation for scheduling of batch operations based on
nonuniform time discretization. Comp Chem Eng. 1997;
21:1147-1156.
Mockus L, Reklaitis GV. Continuous time representation
approach to batch and continuous process scheduling. 1.
MINLP formulation. Ind Eng Chem Res. 1999a;38:197203.
Mockus L, Reklaitis GV. Continuous time representation
approach to batch and continuous process scheduling. 2.
Computational issues. Ind Eng Chem Res. 1999b;38:204210.
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