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E x E c u t i v E 
s u m m a r y
Modeling techniques that take 

their inspiration from nature may 

seem esoteric, but they have value 

for managers facing certain types 

of problems. Managers who need 

to optimize forecasting, scheduling 

and routing should investigate the 

use of these techniques to produce 

near-optimum results with better 

speed and accuracy than using 

intuition and linear models.
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A user then runs the same data 
through the model again, further 
changing and refining the weights 
describing links between nodes.  
This process is repeated until the new 
weights no longer change significantly, 
until the error becomes acceptably 
small or until the software reaches 
its limit on the number of iterations. 
The result is a model with predictive 
power. A user can enter new inputs 
and should be able to predict a new, 
unknown output. For this reason, 
forecasting and predicting are the 
most common applications of  
artificial neural networks.

Strengths and weaknesses. The 
greatest strength of neural networks is 
their predictive ability. They function 
well even if the data includes noise 
and errors, with the ability to adapt 
to irregularities. It is also one of the 
few modeling techniques that can 
handle multiple inputs and multiple 
outputs. Because a neural network 
is a nonlinear model, the user does 
not need to understand the relation 
between input and output. The model 
can capture highly complicated, 
obscure or counterintuitive links 
between causes and effects.

Neural networks do not, however, 
explain or provide insight into these 
complex relationships. They are often 
called “black boxes.” That is, the 
user does not know how the model 

them from their biological inspira-
tions, neural networks similarly learn 
from experience and make predictions. 
They seek to combine input infor-
mation in a flexible way that captures 
complex relationships among inputs 
and output. Most math modeling 
techniques assume a straightforward 
relation between an input and an 
output. Multiple linear regression, for 
example, assumes that a straight-line 
equation adequately links a dependent 
variable (output) with an independent 
variable (input). Neural networks do 
not use a single equation to make 
predictions or explain output. Instead, 
they use a web of interconnected nodes, 
similar to the neurons in the brain.

The network arranges the nodes in 
a series of layers. The output of each 
layer becomes the input of the next 
layer. In the first pass through the data, 
known inputs are compared to known 
outputs. For example, a business 
analyst might enter several accounting 
values as input and compare with stock 
price as output. Because the model has 
not yet been tuned, the model output 
will not match the known real-world 
output. The model assigns a portion 
of the error to each link in the network 
and adjusts all of the weights using  
a complex algorithm. The model  
has now changed based on the data. 
That is, the network learned from  
its experience.

Managers make decisions based 
on experience, intuition, training 
or necessity. They also may use 
mathematical models to aid in 
planning, organizing and making 
decisions. Familiar examples include 
techniques such as critical path or 
linear regression. Recent develop-
ments in modeling take their inspi-
ration from biology, not mathematics, 
to solve commercial and management 
problems. The techniques are neural 
networks, based on the brain; genetic 
algorithms, based on heredity and 
natural selection; and, most intrigu-
ingly, ant colony optimization, based 
on how ants find food.

Neural networks
Neural networks are modeled on 
the brain. Brain cells, or neurons, are 
connected to one another by complex 
relationships, with the state of one 
neuron influenced by the states of 
many other neurons. As an organism 
learns through experience, the influ-
ences of the various neural connec-
tions change. The benefits of this 
learning and memory, recorded in 
relations between neurons, allow 
the animal or person to use past 
experience to predict future events. 
With more experience, the quality  
of the predictions improves.

Sometimes called artificial neural 
networks (ANNs) to distinguish 
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Narrowing the scope to forecasting 
energy use, neural networks have 
had considerable success predicting 
hourly and daily demand for electricity. 
Because utilities cannot store 
electricity and must match production 
with demand, increasing the accuracy 
of forecasts is highly desirable. 

Finance. Spanning the gap between 
forecasting and finance is a recent 
project attempting to explain changes 
in futures prices. The study notes, 
“Among the large array of approaches 
for forecasting volatility, neural 
networks are gaining in popularity.”  
The researchers compare volatility 
forecasts from neural networks with 
implied volatility of S&P 500 Index 
futures options using an existing 
pricing model. As in the other studies 
discussed here, neural networks 
outperformed the older model and 
were “not significantly different from 
realized volatility.” Because futures are 
intended as hedges against risk, such 
as market fluctuations, understanding 
volatility helps business leaders in risk 
management.

Default risk of bonds is another 
financial risk addressed using the 
neural network model. Bond rating 
firms such as Moody’s or Standard & 
Poor’s give bonds ratings such as Aaa, 
Aa, or A to assess the risk of default. A 
finance professor recently constructed 
a neural network using accounting 
ratios as input and bond rating as 
output. The model was reasonably 
accurate in replicating the results of 
the experts who decide on bond ratings 
and outperformed other data mining 
methods such as multiple regression 
and discriminant analysis. Managers 
use bond ratings when investing and 
borrowing money. This use of neural 
networks provides additional data to 
confirm or refute the judgments of 
the outside experts implied by ratings 
and helps managers make their own 
decisions on creditworthiness.

Operations. The technique is 
also useful for day-to-day opera-
tions. Manufacturers who need to 

produced its results. The need  
to determine the best number of 
nodes and number of hidden layers is 
another drawback. No method exists 
yet other than trial and error. Because 
of the complex calculations, a practical 
consideration is the required computer 
power and computation time. 
Run time is not a consideration in 
economic forecasting but is a serious 
issue in cases like ALVINN, a neural 
network-using robot that drives a car. 

Forecasting. The most common 
use of artificial neural networks, due to 
their predictive power, is forecasting. 
It is impossible to predict the future. 
Math models, however, by mimicking 
and expanding on the knowledge of 
human experts, can help those experts 
in their judgments about likely future 
events.

For example, economists create 
models to aid their informed opinions 
about changes in macroeconomic 
variables. A 2004 study built a neural 
network based on economic data to 
explain inflation in one country from 
1994 to 1998. The researchers used the 
model to explain inflation in following 
years, with results better than those 
found in linear methods. The research 
is useful because managers at large 
firms with their own economists, 
especially in financial services, use 
forecasts in their strategic decisions. 

Looking at one sector of the 
economy in a 2006 example, 
researchers used a neural network 
model to forecast the use of energy 
in transportation. Inputs included 
gross national product, population 
and total vehicle-kilometers for several 
nations. The output was transport 
energy demand for the same countries 
in the 1970 to 2001 period. Testing 
showed that the model explained 
the fluctuations in energy use in the 
scope period. If the user assumes that 
the model is reasonably accurate for 
following years, it can help predict 
energy demand in the future. That 
information is useful, especially for 
transportation and energy companies.

send varying jobs through several 
machines with different functions face 
a daunting number of possible paths. 
Because a neural network is a learning 
algorithm, after the user sends the jobs 
mathematically though the network, 
the model learns what worked well and 
uses this information on the next pass. 
Repeatedly running the jobs through 
the model leads to better results. At 
the end of the process, the manager 
takes the final solution and uses it 
for the actual manufacturing work. 
Electronic trial, error and learning 
replace real-world mistakes and lost 
time. Recent research using 100 
randomly generated problems with 20 
to 70 tasks and two to five machines 
showed significant improvement over 
single-pass rules of thumb commonly 
used by manufacturers. Other firms 
have used neural networks to predict 
completion times, improving job 
scheduling to meet customer needs. 

When a firm hires a contractor 
rather than producing goods itself, 
that choice is critical. A 2006 study 
by the housing department of the 
city of Hong Kong used information 
from construction bids to predict the 
performance of contractors. This helps 
the city choose construction vendors 
based on their propensity for cost 
containment and on-time completion. 
The network, which takes into account 
many often-subtle factors beyond 
the size of the bid, aids purchasing 
managers in their decisions and would 
be just as applicable in industry as it  
is in government. 
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Like all techniques discussed 
here, genetic algorithms are useful 
in solving combination, scheduling 
and route-finding problems. A 2006 
paper applies GA to batch ordering, 
that is, selecting the ideal size of a 
production run or ideal size of an 
order from a vendor. Managers usually 
solve this problem by intuition or 
by a simple model such as economic 
order quantity or fixed reorder point. 
Experiments showed better results 
for genetic algorithms compared to 
existing heuristics.

Any manager who has had to make 
employee schedules would welcome 
assistance. Another recent study used 
genetic algorithms to solve what is 
known as the bus driver scheduling 
problem. That is, how should air, bus, 
rail and other transportation crews 
be allocated to avoid downtime while 
bringing the crews home quickly and 
complying with labor regulations? 
Comparing GA solutions with actual 
work schedules from urban mass 
transit systems found noticeable 
improvement. Again seeking to 
optimize multiple requirements, 
researchers have applied genetic 
algorithms to routing airport  
ground traffic. 

ant colony optimization
Although an ant colony foraging for 
food appears to be a disciplined army 
operating under orders, no central ruler 
or local supervisor tells ants what to do. 
A single ant wanders until it finds food, 
then returns to the nest, laying a trail of 
chemical scent known as pheromone, 
which evaporates over time. For a 
major food source, other scouting ants 
will find the food independently and 
lay their own pheromone trails back to 
the nest. Ants in the nest follow one 
of the trails from the nest to the food, 
laying more pheromone. 

On shorter paths, the quick back-
and-forth trips allow the ants to build 
up pheromone quickly, increasing the 
pheromone level before it decays. On 
longer paths, the long cycle between 

measurement. Like the fitness of an 
organism for its environment, the 
fitness of a solution is a matter of 
both exact measurements and inexact 
judgment. How, for example, is an 
answer to a multiparameter optimi-
zation problem expressed as a single 
number? Coding the bits of the strings 
also takes judgment and assumptions. 
Like the number of nodes in neural 
networks, the proportion of bits from 
each parent and the probability of 
mutation are set by trial and error. 
Genetic algorithms, like all modeling 
methods discussed in this article, are a 
heuristic and promise a good solution, 
but they do not promise the best 
possible solution.

Applications. Natural selection 
has filled the world with organisms 
for every niche. Genetic algorithms 
are also versatile with a variety 
of commercial applications. One 
consulting firm, Genalytics in Boston, 
uses GA to advise its clients on 
how to target direct mail advertise-
ments. Analyzing 500 variables per 
household, extracted or extrapolated 
from public records, the algorithms 
predict which households are most 
likely to make various purchases. Ads 
for pizza or for life insurance should go 
only to addresses with people likely to 
buy pizza or life insurance. Although 
large firms have had predictive 
marketing models for years, GA has 
lowered the cost to about 5 cents per 
address, meaning small firms and 
charities also can earn more from their 
appeals. One large firm licensing the 
Genalytics software is SunTrust  
Bank of Atlanta. The bank uses genetic 
algorithms to predict what products its 
existing customers need, helping the 
firm’s marketing and cross-sell efforts.

Another predictive application of  
GA is forecasting bankruptcies. A study 
analyzing 1,920 solvent and 1,920 
insolvent Italian companies showed 
“very effective” results for genetic 
algorithms. A manager could use this 
research by applying the same test to a 
potential customer, vendor or partner.

Genetic algorithms
Genetic algorithms (GA) are based 
on heredity and natural selection. The 
problem-solving begins with a random 
set of possible solutions, each repre-
sented by a string of characters. These 
strings are analogous to strands of 
DNA, with each character or bit in the 
string representing some aspect of the 
solution. The model assesses how well 
each string solves the problem, giving 
each a fitness score. Strings with  
the highest scores have the greatest 
probability of becoming parents in  
the next round.

In each round, the strings form 
offspring. The child’s bits or characters 
are taken partly from one parent and 
partly from the other parent. High-
scoring strings are likely to reproduce 
repeatedly, while low-scoring strings 
probably will reproduce infrequently 
or not at all. The fitness of the new 
generation of strings is assessed and 
the cycle is repeated. Because the better 
solutions are more likely to survive, 
the overall fitness of the strings should 
increase with each generation. The user 
runs the model until the solutions stop 
improving. The fittest solution in the 
population is the best known solution 
to the problem. 

Strengths and weaknesses. 
A key advantage of GA is that it 
evaluates many possible solutions 
at the same time, a feature known 
as implicit parallelism. One writer 
observed that, “GAs exhibit a chaotic 
search behavior similar to how 
humans conduct searches — part 
analytical, part intuition and part 
luck.” It is robust and deals well with 
imprecision. GAs are well-suited to 
huge combination problems that 
cannot be solved by the brute force 
approach of trying every combination. 
Because run time and timeliness are 
concerns in many business applica-
tions, another advantage of a GA is 
that it can be stopped at any time to 
give an interim solution.

The greatest difficulty with GA 
is the need to decide on a fitness 
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Moving materials is also the key 
task of air cargo carriers. Southwest 
Airlines turned to ACO to set 
schedules and route packages. The 
technique produced some counterin-
tuitive insights. Workers were putting 
cargo on the first plane going in the 
right direction. This led to a great deal 
of handling and sometimes filling 
planes unnecessarily. The algorithm 
showed that it is sometimes more 
efficient to leave a shipping container 
on a plane heading in the wrong 
direction than it is to incur the cost 
and delay of unloading, waiting for  
a later flight, then unloading again. 
The firm believes it gained $10 million 
per year from the changes.

Sequencing. Several combination 
problems are so well known to 
researchers that they have names and 
acronyms. One is the job shop sched-
uling problem (JSSP), which studies 
the way that a workshop or factory with 
several different machines (welders, 
grinders, painters, polishers, etc.) can 
best accommodate several different 
jobs to minimize downtime. The 
scheduler makes a map representing 
the various machines and all paths 
between them. Taking into account the 
differing times and differing machines 
each job requires, the software ants 
use their directed random search to 
approximate the quickest path for 
all jobs through the system. With 
10 machines and 10 jobs, searching 
all possible combinations defies 
reasonable computation time. ACO, 
however, can come within 6.7 percent 
of the optimum solution with minimal 
run time. The speed allows a plant 
manager to schedule the day’s jobs 
quickly without waiting for the perfect 
solution or using guesswork.

Assembly sequence planning 
(ASP) relates to mass production 
instead of job shop or semi-custom 
manufacturing. This problem seeks 
to put the parts of a product together 
in the sequence requiring the least 
movement. As in JSSP, the assembly 
is represented by a map with each 

needed “on the fly.” Aiding real-time 
decision making is how ACO can run 
continuously. In most techniques, 
such as regression or neural networks, 
the user runs the model and then uses 
the results. ACO, however, can adapt 
to changing situations as it operates, 
advising the user of the new best-
known solution with the changed 
conditions. And the model continues 
to work even if some of the individuals 
fail. The method is robust and not 
affected greatly by processing errors  
or minor input errors.

This robustness is possible because 
ant colony optimization is a heuristic, 
not a method for calculating an 
exact solution. The imaginary ants 
may overlook the true best path, 
falling into a suboptimal solution 
or a local maximum. Adding to the 
inexactness is the need for the user 
to determine the pheromone deposit 
rate, the pheromone decay rate and the 
maximum pheromone level. Like the 
nodes and layers in neural networks, 
there is no known way to determine 
the best constants other than trial and 
error. No commercial software exists 
for ant colony optimization, meaning 
users must make their own programs 
or hire experts to run the algorithms. 
Few experts are yet available who can 
implement this cutting-edge technique.

Businesses use ant colony optimi-
zation today for applications in three 
areas: organizing movement, putting 
events in sequence and finding the 
best route.

Organizing movement. One of 
the first commercial applications for 
ACO was organizing material handling 
in a large Unilever factory in Britain in 
2001. Receiving, storing and moving 
raw materials are important costs 
in manufacturing, with the needs to 
handle work-in-process and finished 
goods adding to the complexity. 
Management consultants BiosGroup 
used ACO to advise the consumer 
products giant where to put its storage, 
mixers and packing lines and how to 
move materials between locations.

food and nest means less pheromone is 
laid down and the scent fades. Ants are 
attracted to the heavy-pheromone path 
over the light-pheromone path, and 
eventually all workers use the one best 
path. Following a few simple rules, but 
acting without direction, thousands of 
nearly brainless animals quickly solve 
an optimization problem.

Ant colony optimization (ACO) 
is an algorithm that uses artificial 
ants to find good, though not neces-
sarily perfect, solutions to difficult 
optimization problems. Improving 
on real ants, the designers of ACO 
gave their virtual ants a memory of 
past actions. Suppose that, like an ant 
colony searching for food, a researcher 
wants to find a quick path through a 
complex network such as a road map. 
An enormous number of possible 
combinations of cities, roads and 
routes present themselves. A group 
of computerized software ants travel 
a computerized map, taking random 
paths from start to finish. The amount 
of imaginary pheromone laid down on 
each path is inversely proportional to 
its speed. 

As with real ant trails, scent builds 
up on good paths and decays on bad 
paths. The virtual ants gradually move 
toward the best known path. If that 
path becomes slower or unusable (for 
example, if a road becomes closed 
or congested), the path falls out of 
favor as the cycle time increases and 
pheromone declines. Ants are attracted 
to a new best path based on the new 
conditions. The method quickly solves 
a problem that could take impractically 
large computer resources and run time 
if every solution were examined in a 
brute-force approach.

Strengths and weaknesses. 
Like the tiny creatures it models, ant 
colony optimization works quickly, 
continuously and flexibly. The method 
has a shorter run time than the other 
techniques discussed here. This is an 
advantage when solving problems 
with very large numbers of potential 
combinations or when an answer is 
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complex and changes rapidly with 
swings in traffic and nodes going on 
and offline. The computers operating 
the system need to decide the best 
routes through the changing network 
instantly to avoid the “all circuits 
are busy” message. Hewlett-Packard 
developed a program based on ACO to 
route telephone calls. Software agents 
roam through telephone systems, 
laying pheromone to reinforce clear 
paths, and phone calls follow the trails. 
British Telecom and MCI have used 
this method. 

EuroBios, the French arm of the 
Bios Group, expanded on telephone 
switching to design Internet routing 
software. “Like the ants’ world, the 
Internet is decentralized, with no one 
central computer in charge, making 
it the perfect place to try the ants’ 
techniques,” said EuroBios head 
Eric Bonabeau. The software agents 
simulate pheromones by leaving entries 
in logs on Internet computers when 
they find good routes. Programs using 
the network can search for those log 
entries and send their packets through 
the fast, pheromone-laden paths.

conclusion
These three techniques provide 
managers with tools for making 
decisions. Emulating the way that 
nature solves complex problems 
posed by the environment, they allow 
businesses to display some of nature’s 
adaptability and resilience. Although 
these models provide guidance, the 
final decision belongs to the one input 
for which there is no substitute —  
a thinking person. v

component and every way the 
component pairs can be combined. 
The virtual ants travel along the 
pathways and approximate the 
quickest path. Running the model 
multiple times may give different 
near-optimal assembly solutions with 
the predicted time for each. This is 
an improvement over the traditional 
method of having assembly techni-
cians or engineers design sequences, 
then testing the methods with actual 
assemblers.

Routing. The champion of the 
combination problems is the familiar 
traveling salesman problem or TSP. 
If one needs to visit several locations 
just once and then go home, what 
is the shortest route? As one writer 
put it, “In computerspeak, the TSP 
is known as ‘NP-hard,’ which means 
that it reduces grown programmers 
to jelly, and there is no known general 
solution.” Looking at the last two 
examples, one sees that finding the 
best path is the forte of ant colony 
optimization. 

Here the setup is simpler, as the 
map can be an actual map of the 
covered territory. Pheromones build up 
quickest and heaviest on the shortest, 
most-traveled routes, showing an 
approximation of the quickest path. 
Searching for the shortest way to visit 
all 48 state capitals in the contiguous 
United States has 2.6 x 1059 possible 
solutions, meaning a computer 
examining a billion solutions per 
second would take longer to solve 
than the age of the universe. The ACO 
algorithm came within 2 percent of 
the best-known solution with limited 
computational resources and time. 
One Swiss firm uses the technique 
for routing its gasoline trucks as they 
travel from fuel depots to gas stations. 
In addition to routing vehicles, TSP 
solutions have commercial applications 
in manufacturing areas such as robot 
welding and microchip fabrication. 

Other users apply this technology 
of virtual ants to moving virtual 
objects. A telephone network is highly 
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