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he introduction of the evolutionary solver in Frontline Systems’” Premium Solver for Education allows stu-
dents to use any functions in Excel for modeling optimization problems. As a result, instructors teaching
optimization now face a dilemma of how much emphasis to place on “traditional” integer programming ver-
sus the unrestricted but heuristic approach of the evolutionary solver. Our goal in this work is to shed some
light on the tradeoffs in these two modeling approaches. We discuss some experimental results comparing
the two approaches for a number of well-known problem types. We also report some observations of student

performance with these two different approaches.

1. Introduction

The existence of optimization and simulation in
spreadsheets has had a dramatic impact on the teach-
ing of operations research (OR) (Erkut 1998). Instead
of requiring students to use unfamiliar stand-alone
software that most would no longer use after gradu-
ation, the spreadsheet allows OR to be taught in an
environment students have already accepted and will
continue to use. The very fact that OR tools are incor-
porated into the spreadsheet lends instant credibility
to their use. Required courses and electives emphasiz-
ing analytical modeling in spreadsheets have gained
new-found acceptance and appreciation.

In what ways do spreadsheets change how we
teach OR? For one, the spreadsheet environment
offers an integrated platform for OR. With relative
ease, we can use simulation, optimization, forecast-
ing, data management tools, and graphics in combina-
tion because they are all available in the spreadsheet
(Camm 1998). Spreadsheet graphics capabilities pro-
vide a powerful tool for building intuition in OR and
statistics (Camm 2000, Savage 2001). The existence of
Visual Basic for Applications in Excel allows for the
easy integration of tools as well as the construction of
powerful decision support systems (Ragsdale 2001).
All these factors have changed how OR is taught.

At present, a number of textbooks come bun-
dled with Frontline Systems’ Premium Solver for

Education (PSE).! The evolutionary solver in this ver-
sion of the software allows students to use any func-
tions in Excel for modeling optimization problems.
Functions such as MAX, IF, INDEX, and COUNTIF,
which can derail the linear and nonlinear solvers, are
accommodated by the evolutionary solver. Instructors
teaching the modeling of combinatorial optimization
problems now face a dilemma of how much emphasis
to place on “traditional” integer programming versus
the unrestricted but heuristic approach of the evolu-
tionary solver. The freedom to choose any function
in Excel has implications for how modeling is taught.
Consider the popular case of a fixed cost in a pro-
duction facility. A typical modeling approach using
linear integer programming is to define two classes
of variables, x; = amount to produce at facility i and
y; =1 if facility i is open and 0 if it is not open. If
C; is the capacity of facility i, then the linear form
x; < Ciy; relates the production quantity and the deci-
sion to open the facility. Production can take place
(x; > 0) only if the facility is open (y; =1) and some
fixed cost (F) is charged to the objective function via
a term Fy;. This same relationship can be modeled for
the evolutionary solver without binary variables but
with the constraint x; < C; and an objective function
component IF(x; >0, F, 0).

1 Frontline’s web page lists more than a dozen such textbooks at
http:/ /www.solver.com/academic2.htm.
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There are tradeoffs in choosing one approach ver-
sus the other. Assuming the integer program can
be solved in a reasonable amount of time, its solu-
tion will be optimal. The evolutionary solver cannot
guarantee an optimal solution, but it may often be
more intuitive for students. Which approach should
be taken in teaching modeling? Our intention in
this paper is not to answer that question but to
shed some light on the trade-off so that at least
more informed teaching may occur. To that end, we
discuss in the following section some experimental
results comparing the integer programming approach
to the evolutionary solver approach for solving four
well-known problem types. Then, we report some
results on student performance with these two dif-
ferent approaches. In our final section, we provide a
summary.

Frontline’s web page lists more than a dozen such
textbooks at http://www.solver.com/academic2.htm.

2. Computational Study

We compared the performance of (linear) integer pro-
gramming with an evolutionary solver approach for
four well-known problems: The Traveling Salesper-
son Problem (TSP), the Uncapacitated Facility Loca-
tion Problem (UFLP), the Maximal Set Cover Problem
(MCP), and the Weighted Tardiness Problem (WTP).
For each of the four problem types, we randomly gen-
erated 100 problem instances and ran both solution
procedures using version 5 of the PSE. We did some
preliminary experiments to find a problem size for
which, on average, the problems did not solve in less
than a second and did not take more than two min-
utes. (Details of the problem sizes and the sampling
parameters are given in the appendix, together with
descriptions of the models we used.) On all problems,
we imposed a 5-minute maximum run time. This limit
rarely caused any difficulty, except for one case which
we discuss later. For integer programming, the Toler-
ance parameter was set to zero, thus ensuring that an
optimal solution would be found unless the run time
limit was reached.

We were also interested in the performance of ver-
sion 6 of the Premium Solver Platform (PSP). The PSP
handles much larger problem sizes and contains some
algorithmic enhancements (Frontline Systems 2003).
We noticed, however, that on the same problem sizes
that provided interesting differences between the two
approaches when we used the PSE, the PSP solved
398 out of 400 problems optimally using the evo-
lutionary solver. We suspected that this near-perfect
performance was mainly due to the problem sizes
involved. Therefore, we carried out a second set of
comparisons for the PSP using larger problem sizes.

Our experiments were implemented on laptop com-
puters. The PSE results came from a machine with

a 1.7 GHz processor and 512 MB of RAM. The PSP
results came from a different machine with a 1.7 GHz
processor and 1 GB of RAM.

The evolutionary solver requires the specification of
several execution parameters, and we selected param-
eters that might be representative of student use. We
set the Population Size at 200, which is the maxi-
mum permitted, and we took the Mutation Rate at
its default value of 7.5%. These two choices appear
to create a reasonable amount of diversity in the
resulting population. We also kept the Convergence
parameter at its default value of 0.0001. Used with
the maximum possible population size, this setting
controls the built-in termination condition (when 99%
of the population achieves objective function val-
ues within 0.01%, the procedure terminates). Further-
more, we removed some other barriers by selecting
large values for Max Subproblems and Max Feasi-
ble Solutions, so that these two ceilings would never
cause termination within the 5-minute time limit.
Then we set the Max Time without Improvement to
60 seconds with a Tolerance of zero. This choice meant
that when a minute elapsed without any progress
toward a better solution, the search was terminated.
Thus, the time limit, the convergence limit, and the
tolerance limit served as three parallel conditions for
termination.

Normally, the evolutionary solver would be re-
run with changes in the execution parameters. How-
ever, in our experiments, we treated the evolutionary
solver as if it were a substitute for integer program-
ming and observed the results of only one run. The
advantage of this design was that we could conduct
our experiments on large samples rather conveniently.

Following traditional practice in the research litera-
ture, we collected summary statistics on the following
metrics:

(1) How often did the evolutionary solver produce
an optimum?

(2) What was the worst suboptimal result?

(3) What was the average suboptimality?

(4) What was the average suboptimality among

suboptimal outcomes?
Specifically, Question (1) was answered by the per-
centage of times that the evolutionary solver produced
an optimum. For Questions (2)—(4) we measured sub-
optimality as the difference between the objective
function values of the two approaches, taken as a ratio
to the optimal solution. In the following subsections
we provide results for each of the four problems.

The Traveling Salesperson Problem

A summary for the TSP appears in Table 1. The inte-
ger programming solutions were all obtained within
the 5-minute time limit. All of the evolutionary solver
runs were terminated by the 1-minute limit for the


http://www.solver.com/academic2.htm

Downloaded from informs.org by [216.73.216.11] on 04 June 2026, at 16:24 . For personal use only, all rights reserved.

Baker and Camm: On the Use of Integer Programming versus Evolutionary Solver in Spreadsheet Optimization

INFORMS Transactions on Education 5(3), pp. 1-7, ©2005 INFORMS 3
Table 1 Results of the Computational Study for TSP Table 3 Results of the Computational Study for MCP

TSP PSE (%) PSP (%) MCP PSE (%) PSP (%)
% ES optimal 83.0 16.0 % ES optimal 54.0 5.0
Worst suboptimality 17.0 83.0 Worst suboptimality 69.3 46.0
Average suboptimality 0.7 46 Average suboptimality 1.4 42
Cond. average suboptimality 3.9 55 Cond. average suboptimality 243 44

Max Time without Improvement, with the exception
of one run for the larger problem size. Only 83% of
the evolutionary solver runs produced an optimum in
the small problem set; for the large problem set, the
figure was 16%. The deteriorating performance on the
larger problems suggests that the evolutionary solver
has considerable difficulty with the higher number of
combinations in larger problems.

The Uncapacitated Facility Location Problem

A summary for the UFLP appears in Table 2. The inte-
ger programming solutions were all obtained within
the 5-minute time limit. All of the evolutionary solver
runs were terminated by the 1-minute limit for the
Max Time without Improvement. However, the over-
all picture is rather different than for the TSP. In the
case of the UFLP, the PSE generated optimal solutions
in 92% of the problems, while in the larger problems,
the PSP generated optimal solutions every time. Evi-
dently, the evolutionary solver is very effective on the
UFLP, even for large problem sizes, when the PSP is
used.

The Maximal Set Cover Problem

A summary for the MCP appears in Table 3. Again,
the integer programming solutions were all obtained
within the 5-minute time limit. All of the evolutionary
solver runs were terminated by the 1-minute limit for
the Max Time without Improvement or by the Con-
vergence condition. In these respects, the outcomes
are reminiscent of the outcomes for the TSP. However,
for the MCP, the optimality performance of the evo-
lutionary solver is noticeably worse. Only 54% of the
small problems were solved to optimality by the PSE,
and only 5% of the large problems in the case of the
PSP. Evidently, the MCP is quite a difficult problem
for the evolutionary solver.

Table 2 Results of the Computational Study for UFLP

UFLP PSE (%) PSP (%)
% ES optimal 92.0 100.0
Worst suboptimality 4.1 0.0
Average suboptimality 0.1 0.0
Cond. average suboptimality 1.7 0.0

The Weighted Tardiness Problem
We were able to create WTP instances that were
intrinsically “difficult” cases by focused sampling of
processing times, due dates, and weighting factors.
The results for the WTP problems appear in Table 4.
The evolutionary solver approach does a very good
job of finding the optimal solution in these prob-
lems and in most cases terminates much faster than
the integer programming approach. The evolutionary
solver found optima in 98% of the small problems and
100% of the large problems. (The “large” problems
were only incrementally larger than the small prob-
lems, but recall that we chose problem sizes accord-
ing to average solution times observed for the slower
of the two methods.) We used a convenient integer
programming formulation that is relatively straight-
forward to build in a spreadsheet, but it is apparently
not a tight formulation. In the large problems, there
were 20 cases in which the integer program did not
finish within 5 minutes. In 17 of these cases, the objec-
tive functions of the two approaches matched and in
3 cases, the ES solution was actually better than the
integer programming solution on hand at the time it
was terminated.

3. Student Choices and Performance

The picture that emerges from the computational
results is somewhat complicated. The effectiveness of
the evolutionary solver seems to depend on problem
type as well as problem size. In some situations it
is very effective, but in others it is not. What then
should we teach students about the use of Solver? To
begin answering this question, we should also know
something about our students’ preferences. Ideally,
a student should learn to build models for the integer
solver as well as models for the evolutionary solver.

Table 4 Results of the Computational Study for WTP

WTP PSE (%) PSP* (%)
% ES optimal 98.0 100.0
Worst suboptimality 11 0.0
Average suboptimality 0.0 0.0
Cond. average suboptimality 0.9 0.0

*Only 80 of the 100 problems were solved to optimality by the integer
programming model in the allotted 5 minute run time. ES found the optimal
solution in all of these cases.
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Faced with an optimization problem, which model-
ing approach will the student choose? And how good
a model will the student build? We had an oppor-
tunity to observe the results of a natural experiment
that may shed some light on the answers to these
questions.

The natural experiment was a take-home final exam
given to 61 students in an Optimization course. The
students were primarily Master’s students in Engi-
neering, many of whom were pursuing a degree in
Engineering Management.” During the course, which
emphasized the application of Premium Solver, the
students were exposed to both approaches. In some
cases, the students practiced both methods for solv-
ing the same problem, in order to compare the two
approaches and explore the advantages and disad-
vantages of each. The reading and lectures did not
take a general position on the desirability of using one
approach or the other.

On the final exam, the students were presented
with seven problems from which they were required
to select four to solve. They were not told which
approach to take or that either approach was possi-
ble, but a follow-up question asked them to indicate
whether their result was a global optimum, a local
optimum, or neither. This question served as a cue
that optimality might be at issue.

Although the students were not told that each prob-
lem was amenable to solution by integer program-
ming, it was possible to find a global optimum to each
of the problems using the integer solver, employing
principles that had been covered in the course. Nev-
ertheless, 48% of the solutions were obtained with the
evolutionary solver. Thus, the evolutionary solver had
considerable appeal to this audience.

An optimal solution was obtained by 84% of the
students who took an integer programming approach,
while the figure for the students who took an evolu-
tionary solver approach was only 71%. The errors in
the integer programming approach were mostly due
to formulation mistakes, although in a few cases there
were typos and other minor model flaws. Some of the
incorrect answers in the evolutionary solver approach
occurred due to model flaws, but some occurred in
valid models where the evolutionary solver could not
produce an optimum under the various parametric
settings that the students tested. (The exam was struc-
tured as a one-week take-home and therefore time
pressure was not severe.)

The detailed results of the natural experiment are
shown in Table 5. Three of the exam problems
matched the problem types in our computational

2These students often resemble management majors more closely
than engineering majors, for the purposes of drawing inferences
about management students.

Table 5 Results of the Final Exam Natural Experiment

Number Correct answer

9x9 IP 30 86% 28 93%
TSP ES 5 14% 3 60%
11x4 IP 15 65% 12 80%
Makespan ES 8 35% 6 75%
8-job Wtd. IP 1 3% 1 100%
Tardiness ES 30 97% 29 97%
Cutting IP 21 55% 17 81%
Stock ES 17 45% 6 35%
Max IP 24 63% 21 88%
Bundles ES 14 37% 11 79%
3 x 25 Max IP 12 33% 12 100%
Cover ES 24 67% 15 63%
Maximin IP 15 56% 8 53%
Preferences ES 12 44% 8 67%
Total IP 118  52% 99 84%
ES 110  48% 78 71%

experiments. In the case of the TSP, the students
had been assigned homework examples using both
approaches. In the exam, the students preferred an
integer programming approach (86%), and they were
more likely to obtain the optimal tour length with
integer programming. This outcome is consistent with
the experimental results, which indicate that the TSP
can be challenging for the evolutionary solver. Being
familiar with both approaches, the students appar-
ently preferred the integer programming approach
because they were confident that they could find an
optimum.

The MCP was new; the students had not seen it
during the course. In the exam, the students pre-
ferred the evolutionary solver approach (67%), but
they were more likely to obtain the optimal coverage
with integer programming. This outcome is also con-
sistent with the experimental results, which indicated
that the MCP was very challenging for the evolution-
ary solver.

The WTP was familiar, but the students had been
assigned homework on this type of problem only
with the evolutionary solver (although both methods
had been covered in the reading). In the exam, only
one student out of the 31 who attempted the WTP
chose an integer programming approach. That stu-
dent obtained a correct answer, but so did almost all
of the students who relied on the evolutionary solver.
Once more, this outcome is consistent the experimen-
tal results, which indicate that the evolutionary solver
is very effective on the WTP.

When we examined the details of the remaining
exam problems, we saw further patterns. The cut-
ting stock problem had been used as an example of
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the evolutionary solver approach in class but had
not ever been mentioned in conjunction with inte-
ger programming. Yet, the majority of the students
who attempted this problem (which was more exten-
sive than the class example) took an integer pro-
gramming approach. In addition, those students were
far more likely to find the optimum than the stu-
dents who relied on the evolutionary solver. At first
glance, this result suggests that integer programming
will be the preferred choice if there is considerable
doubt about the ability of the evolutionary solver to
produce an optimum. However, the same conditions
applied to the MCP, and there the students preferred
the evolutionary solver. The cutting stock problem is a
special case in which the spreadsheet model for inte-
ger programming is quite similar to the evolution-
ary solver model. Starting with a valid evolutionary
solver model (which was nearly a given in this case),
a student could convert to an integer programming
model with modest effort and some insight. The same
cannot be said of the MCP.

The makespan problem was analogous to an exam-
ple from lecture that explained how to linearize the
maximum of several functions. In the exam, students
preferred an integer programming approach (65%)
and were more likely to find the correct answer using
that approach than were those who relied on the evo-
lutionary solver. Exposure to an example integer pro-
gram and some confidence in applying the integer
solver were apparently more effective than the conve-
nience offered by the evolutionary solver.

The bundling problem had virtually no roots in
examples that appeared in lecture or in the reading.
Here, the picture was typical: students preferred an
integer programming approach (63%) and were more
likely, as a result, to obtain the correct answer.

The outcomes were somewhat reversed in the max-
imin preference problem, which required students
to find an optimal assignment of students to class
projects. A key constraint required a minimum team
size for any project, and the objective was to max-
imize the minimum satisfaction score among the
assignments made. Thus, there were two formu-
lation challenges for a valid integer programming
model, neither of which is straightforward. In the
exam, students still preferred the integer program-
ming approach (56%), but they were less likely to
locate an optimal assignment than those who used the
evolutionary solver. Here, the formulation challenges
in the integer programming approach presented more
of an obstacle than the possible shortcomings of an
evolutionary solver model. Nevertheless, only 67% of
the evolutionary solver models reached an optimum.

These students often resemble management majors
more closely than engineering majors, for the pur-
poses of drawing inferences about management
students.

4. Summary and Conclusions

We have provided computational results for integer
programming and for the evolutionary solver using
both the PSE (smaller problems) and the PSP (larger
problems). Based on the problems we chose to study,
and for the particular spreadsheet models we imple-
mented, we have given an indication of the degree
of suboptimality the user might experience with the
evolutionary solver. Cleary, as teachers, we should
communicate the possibility of suboptimality with
evolutionary solver, even for correctly defined mod-
els, and this paper suggests the kinds of examples we
might use as illustrations.

Our computational results also show that the evo-
lutionary solver can be quite effective on certain prob-
lems, such as the WTP and the UFLP. Therefore, our
teaching should also convey the message that the evo-
lutionary solver can perform quite well on some prob-
lem types, but not on all. We need to learn a good
deal more about the problem types on which the evo-
lutionary solver performs well.

The exam experience suggests that students tend
to choose an approach based on familiarity and con-
fidence. When they are trained on both approaches
and feel confident that they can implement an inte-
ger programming model correctly, that will most often
be their preference because a correct implementation
leads to an optimal solution. When students confront
a problem where they lack practice or confidence in
an integer programming approach, they may prefer
the evolutionary solver. As teachers, we may need to
be more careful about the kinds of practice that we
give our students.

Although integer programming models are often
difficult for students to build because formulations
require non-intuitive ways of expressing problem fea-
tures, we have observed that the evolutionary solver
approach can be difficult as well. By accommodating
sophisticated and sometimes unusual Excel functions,
the evolutionary solver can create new challenges in
model formulation. As teachers, we may need to steer
students away from formulation approaches that are
prone to error.

Some students seem vulnerable to a psychological
trap when they use the evolutionary solver. A series
of runs under different parameter settings that pro-
duces the same solution may induce students to con-
clude prematurely that they have found an optimum.
As teachers, we need to develop better guidelines
for implementing the evolutionary solver so that the
chances of reaching an optimum improve.

In essence, the evolutionary solver approach is not
necessarily simpler because it is more flexible. The
evolutionary solver is a sophisticated tool, but it can-
not substitute for an optimization model. To use the
evolutionary solver in teaching, we may need a more
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sophisticated pedagogical approach than our current
level of knowledge supports.

Appendix. Alternative Models for
the Four Problem Types

Traveling Salesperson Problem
Minimze the length of a tour that visits each of n cities once
and returns to the starting city.

Notation
d;; = distance from city i to city j (given)
x;; = 1 if tour includes a link from city i to city j; 0 other-
wise (binary decision variable)
u; = relative sequence position for city i (integer decision
variable)
p(j) = immediate predecessor of city j in sequence with
p(l)=n

Problem sizes

PSE problems: 10 cities PSP problems: 15 cities
Sampling

d;j = drawn from a uniform distribution on (500, 5,000)

IP Formulation

Minimize z=} d;x;
ij
subject to: Y x; =1 for all cities j
i
> x;=1 for all cities i
i

uj—uj+nx; <n—1,
for all pairs (i, j) not including city 1
ES Formulation
Minimize z=} d,;;
subject to: j = alldifferent

Uncapacitated Facility Location Problem

Minimize the sum of fixed costs and variable costs for
m potential facility locations and n customer demand
locations.

Notation

F, = fixed cost for facility i (given)

c;j = variable distribution cost from facility i to location j
(given)

d; = demand at location j (given)

M = large positive number (3" dj)

x;; = quantity sent from facility i to customer location j
(decision variable = 0)

y; = 1 if facility 7 is used in the design; 0 otherwise (binary
decision variable)

Problem sizes
PSE problems: 10 x 19 PSP problems: 15 x 75

Sampling

F, = drawn from a uniform distribution on (1,000, 5,000)
¢;j = drawn from a uniform distribution on (0, 1)

dj = drawn from a uniform distribution on (1,000, 9,000)

IP Formulation

Minimize z=3} Fy;,+ Y c;x;
i i

subject to: ) x; >d,; for all locations j

1

Z X < Myj for all facilities i
j

ES Formulation
Minimize Z:Zyi[IFZyizl,Fi,O]+ZMIN[cijdj|yi:1]
i i i
subject to: y;=0or 1

Max Cover Problem

Maximize the demand volume serviced by a specified num-
ber (K) of facilities, each of which is capable of servicing a
subset of the demand locations.

Notation

d; = demand at location i

a; = 1 if facility i can service location j; 0 otherwise (given)

K = number of open facilities (given)

x; = 1 if location i is serviced; 0 otherwise (decision vari-
able, 0 <x; < 1)

y; = 1if facility j is used in the design; 0 otherwise (binary
decision variable)

Problem sizes
PSE problems: 30 x 30 PSP problems: 100 x 100

Sampling
d; = drawn from a uniform distribution on (1, 1,000)
a; = 1 with probability 0.15; 0 otherwise

IP Formulation

Maximize z=7Y_d;x;

1

subject to: Y a;y; >x; for all locations i
i

Sy <k

ES Formulation

Maximize ) d; [IF (Zaijyj >0, 1,0)] —IF(Zyj >K, oo,O)
i j j

subject to: y;=0or 1

Weighted Tardiness Problem
Minimize the total weighted tardiness among # jobs
sequenced at a single processor.

Notation
p; = processing time for job j (given)
w; = weighting factor for job j (given)
d; = due date for job j (given)
s; = start time for job j (decision variable = 0)
;= tardiness for job j (decision variable) = max({s; +p; —
d;, 0}
Y= 1] if job j follows job k in sequence; 0 otherwise
(binary decision variable)
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M = large positive number (3_p;)
x(j) = index of job in sequence position j (integer decision
variable)

Problem sizes
PSE problems: 8 jobs PSP problems: 9 jobs

Sampling

p; = drawn from a uniform distribution on (1, 25)

w; = drawn from a uniform distribution on (1, 10)

d; = drawn from a uniform distribution centered at 0.2 3" p;
with a range of 0.3 % p;

(The sequencing literature calls this a tardiness factor of
0.8 and a due-date range of 0.3)
IP Formulation
Minimize z=} w;t;
subject to: s; — s + My <M —p; for all job pairs j <k
;= S+ My <M —p, for all job pairs j <k

sj—t;<d;—p; foralljobsj

ES Formulation
Mlnllee zZ= Z wm) tY(})

subject to: x(j) = alldifferent
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