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Abstract 
 

Graduate education in medicine and biomedical research should include 

opportunities to study computational methods in addition to requirements for the study of 

mathematics and biostatistics, as the understanding of computational analysis of data is 

already a necessity to keep up with scientific progress. In the present chapter, this 

practical recommendation is considered, and it is emphasized that the pieces of 

knowledge consisted of the accumulated data generated by medical researchers for more 

than a century need to be assembled to achieve the excellence in practice. A glimpse on 

the computational methods of interest is provided.  

 

 

Hypothesis 
 

Graduate education in medicine and biomedical research should include opportunities to 

study computational methods in addition to requirements for the study of mathematics and 

biostatistics. This curriculum expansion is necessary for communication across disciplines, 
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and for new analytical approaches to be instilled in the biomedical community. Those actively 

conducting biomedical research will benefit from learning about the variety of computational 

methods available. This idea is not new (Lazebnik, 2002), but it remains to be incorporated 

into the medical and biomedical research curricula. Cross-disciplinary communication is the 

key to putting the pieces of data together and solving the puzzle of health and disease in the 

21
st
 century. 

 

 

What Are the Pieces? 
 

The pieces that need to be assembled consist of all the accumulated data generated by 

medical researchers for more than a century. Laboratory experiments probing cell behavior 

fill the scientific literature with pieces of the puzzle. Cell behavior includes the production 

and release of proteins or lipid mediators, the translation of messenger RNA (mRNA) into 

proteins and enzymes, and the transcription of genes from DNA into RNA. The earliest 

discoveries, such as the identification of cell types and the development of vaccines, are 

important (Bibel, 1988). However, we have entered a new era of biomedical research. The 

variety of methods available for data generation and analysis continues to increase. In fact, an 

entire volume of the journal Nucleic Acids Research (January 2004) was dedicated to 

describing databases of nucleic acids and proteins. The issue of generating too much data was 

recognized more than a decade ago (Roos, 2001). Gathering lists of data is not enough to 

answer questions and to solve the puzzles of biology (Fahrer et al., 2001, Ehrenberg et al., 

2003). It is the network connections between the data that matter. 

Data generation and collection is accelerated by the microarray methods capable of 

detecting thousands of molecules at once from small samples (Lockhart et al., 1996). High-

throughput assays for molecules such as mRNAs, and the serendipitously discovered micro-

RNAs [miRs; (Lee et al., 2004)], add volumes to existing data for cellular protein expression 

from in vitro experiments. This wealth of microarray data exists in addition to the complete 

sequence of the human genome (Consortium, 2001, J. Craig Venter, 2001), as well as the 

genomes of many other organisms. These data led to "Genome Wide Association Studies" 

(Couzin and Kaiser, 2007), to identify the functions associated with genes, and the potentially 

defective genes causing disease. Besides genomes, there are databases of networks of 

molecules, including transcriptomes (Caron et al., 2001, Su et al., 2004, Hah et al., 2011), 

cistromes (Tavazoie et al., 1999) and epigenomes (Prokesch and Lazar, 2011), proteomes 

(Consortium, 2001, Calvo et al., 2006), complexomes (Malovannaya et al., 2011), 

metabolomes (vanderGreef and Smilde, 2005), inflammasomes (Ogura et al., 2006), and 

diseaseomes (Goh et al., 2007). In the "ome" vocabulary, a transcriptome is a collection of 

genes transcribed under steady-state conditions, and cistromes are cis-acting elements in the 

genome upstream of places where RNA polymerases bind; for example, estrogen receptors 

(with estrogen) bind cistromes to enhance transcription (Hah et al., 2011). Epigenomes are 

biochemical mechanisms controlling the differential expression of genes, thus affecting the 

transcriptome. A proteome is a set of all the proteins expressed under a specified condition. 

Data collection necessitates the use of network graphs to make pictorial sense of it all 

(Barabasi and Oltvai, 2004, Aderem and Smith, 2004). This is made possible by 

computational methods. Systems Biology, the science of systematically analyzing the "omic" 
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data to find patterns of interactions in biological systems, which includes understanding the 

regulation and organization of networks associated with biological functions, which has been 

developed out of necessity (vanderGreef et al., 2007). 

 

Table 1. Free Software 

 

Curator/Name Function URL 

Michael Eisen's 

Lab 

Clustering and 

visualization 

http://rana.lbl.gov/EisenSoftware.htm 

Broad Institute/ 

GeneCluster 2 

Clustering, SOM http://www.broadinstitute.org/cancer/ 

software/genecluster2/gc2.html 

Swarm Development 

Group 

Agent-based modeling, 

programming skills 

required 

http://www.swarm.org/index.php/ 

Swarm_main_page 

Duke University Fuqua 

School of Business, 

Free Software 

Downloads 

Software add-ons to 

Excel
®

 

http://faculty.fuqua.duke.edu/~kamakura/ 

bio/WagnerKamakuraDownloads.htm 

NetLogo Agent-based modeling http://ccl.northwestern.edu/netlogo/ 

MASON, George 

Mason University's 

Evolutionary 

Computation 

Laboratory 

and the GMU Center for 

Social Complexity 

Agent-based modeling, 

programming skills 

required 

http://cs.gmu.edu/~eclab/projects/ 

mason/ 

Repast3 

Argonne National Labs 

Agent-based modeling, 

programming skills 

required 

http://repast.sourceforge.net/ 

repast_3/index.html 

Repast Simphony 

Argonne National Labs 

Agent-based modeling http://repast.sourceforge.net/ 

repast_simphony.html 

Philip Crooke, 

John Hotchkiss 

Simulator for the Spread 

of Infections in the ICU 

http://www.math.vanderbilt.edu/ 

~pscrooke/CCM/Instructions.html 

 

 

What Are Computational Methods? 
 

Computational methods involve the use of simple mathematics, with iterative and 

repetitive algorithms, thus requiring the use of a computer. Many computational methods are 

available for data analysis. The key to optimizing results is knowing which methods extract 

the most valuable information from the available pieces of data. In general, the scale(s) of the 

biological system under study dictates the types of computational analysis that yield the most 

useful, integrated, and translational information. Scale refers to the level of biological detail, 

from microscopic to macroscopic, including intracellular molecules, organelles, cells, tissues, 

organs, organisms, and populations. The integration of information from different scales, and 

the clinical applicability of the results of data analyses, need to be considered the highest 

priorities in biomedical research (An et al., 2008). 

http://gmu.edu/
http://gmu.edu/
http://cs.gmu.edu/~eclab/
http://cs.gmu.edu/~eclab/
http://cs.gmu.edu/~eclab/
http://socialcomplexity.gmu.edu/
http://socialcomplexity.gmu.edu/
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At the Molecular Scale 
 

Computational and statistical algorithms created decades ago (Everitt et al., 2001) are 

now commonly being applied to analyze molecular biology data. These systematic analyses 

of large biological data sets, or systems biology methods, have become indispensable tools in 

molecular biology. The good news is that free software is available for most of the algorithms 

described, and Table 1 lists some current information (07/2011) for obtaining the software. A 

Google
®
 search can usually find free software, and the user can examine the credentials of the 

website. Many statistical methods are available with Microsoft Excel
® 

and free add-ons. 

 

 

Clustering Algorithms 
 

Clustering algorithms are the basis of many computational methods used to analyze 

molecular biology data (Eisen et al., 1998). They are used for grouping or ranking data that 

describes the expression of biomolecules. These algorithms combine statistical methods with 

computational methods. Gene expression data (mRNAs or miRs) are frequently represented 

as heatmaps, with colored boxes representing the changes in expression levels of genes of 

interest under various conditions. Red usually indicates an increase in expression; green 

represents a decrease. These colored maps are often accompanied by dendrograms, or trees, 

whose leaves point to genes ordered by patterns of similarity in expression. When 

dendrograms are included, the clustering is hierarchical, or ordered in some predetermined 

way with multiple levels of organization. In a standard example (Eisen et al., 1998), all of the 

individual data points (a treatment condition applied over time; a vector of values) for each 

gene expression measurement is normalized using the mean of the values. Then, a Pearson 

correlation coefficient is calculated between all of the vector pairs; the higher the absolute 

value, the better the correlation. The vector pairs are then ordered by the Pearson correlation 

coefficient, the initial order (eg. lowest to highest vs. highest to lowest) is arbitrary. The order 

within pairs involves a choice, a weight based on some overall property of the genes such as 

average raw expression values. The elements within the pairs should be ordered by weight as 

the pairs were. The next hierarchical level may be determined by averaging the values in the 

paired vectors (creating nodes), then repeating the correlation analysis for similarity between 

nodes, to join new node/pairs at the next level. This is repeated as many times as there are 

treatment groups minus one. There are other ways to continue the grouping, depending upon 

the desired output. This algorithm is agglomerative, starting with clusters containing one gene 

data vector each and joining them until all genes are joined by the hierarchical tree. The result 

of this procedure is a representation of the data that is visually interpretable and tends to 

group genes by their functions. This algorithm is also suited to experimental conditions that 

have a stepwise order or hierarchy, such as the application of a treatment condition over time, 

or the changes in DNA sequences for genes during the evolution of organisms. 
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Figure 3.1. McCulloch-Pitts Processing Element (PE). A processing element consists of an input (x), a 

weight on the input (w), and an activation function (oval; referred to as a node in an SOM) that 

determines the output (y) for a given input and weight (McCulloch and Pitts, 1943). 

 

K-Means Clustering 
 

Sometimes one knows how many clusters there are, and data (vectors) need to be 

grouped by similarity into that pre-determined number of clusters, with the number of clusters 

designated as 'K'. This algorithm begins with random assignment of all data into K groups. 

The means or centroids of each group are determined (as appropriate to the data vector), and 

each of the elements is compared to the means/centroids of each group and placed in the 

group whose mean is closest. The means/centroids of the groups are then re-calculated, and 

the process is repeated until the composition of the groups no longer changes. This method is 

useful when there is prior knowledge of the number of groups within the data, but no pre-

supposed hierarchical order to the data. 

 

 

Self-organizing Maps (SOMs) 
 

SOMs are more complicated than K-means clustering, because they contain "processing 

elements" (Figure 3.1) that allow them to learn by extracting information from input patterns 

and arranging it into output patterns. They do so without a prior notion of what the output 

pattern (clustering arrangement) will be. When the output pattern for a learning algorithm is 

unknown, the learning is termed "unsupervised". SOMs also process datasets that are large 

and not normally distributed (Tamayo et al., 1999). SOMs cluster inputs in a divisive manner 

(the opposite of agglomerative), because the data begin as one group and are divided into 

clusters by the self-organizing algorithm. SOMs were created by Teuvo Kohonen (Kohonen, 

1990) as a variation of artificial neural networks. Figure 3.2 shows an arrangement for a SOM 

network. The input data vectors start out un-clustered, and the output space consists of 

neighborhoods (often depicted in two dimensions), like a map or a drawer with compartments 

for arranging items. 

The compartments/neighborhoods are represented by the nodes (ovals). The inputs are 

applied one at a time, and they join the neighborhood (node) that they most closely match. 

When an input joins a node it alters the vector of values within the node, making it more like 

the input, and this increases the weight on the node (Figure 3.2, +++, x7 -> y3). The nodes 

with the next closest values have their weights increased (Figure 3.2, ++, x7 -> y2) and the 

next ones have their weights decreased (Figure 3.2, -, x7 -> y1). Nodes farther away are 

unaffected (ym) and remain unchanged. Each input in a data set is applied, then the process is 
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repeated a predetermined number of times. The end result is the formation of clusters of 

similar data vectors in an unsupervised manner, i.e., without using prior knowledge of the 

patterns inherent in the data. 

 

 

Figure 3.2. Arrangement of a self-organizing map network. 

An example of an analysis using SOM demonstrates how the algorithm found patterns of 

gene expression in four cell lines of hematopoietic origin (Tamayo et al., 1999). Tamayo et 

al. (1999) treated the cell lines (all leukemic) with compounds commonly used in vitro to 

induce differentiation, and the expression patterns of approximately 6,000 genes were 

assayed. The SOM algorithm was appropriate because no such large-scale analysis had 

previously been done for gene expression under the given conditions, and discovery of new 

patterns was the goal. The exploratory analysis produced some results expected from the cell 

lines, including the expression of differentiation and pro-inflammatory genes by HL-60 cells 

in response to a stimulus (phorbol 12-myristate 13-acetate) known to produce these 

responses. Eight unexpected genes were also found in the same cluster. In the NB4 cell line, a 

cluster was formed by genes involved in differentiation in response to all-trans retinoic acid, a 

compound used to differentiate these cells and treat leukemia. Some of the genes in the 

cluster were known, but others that co-expressed were unexpected and provided insight into 

the mechanism of differentiation. SOM allowed sense to be made of a large data set by 

identifying patterns of gene expression, and stimulating further experiments. 

 

 

Artificial Neural Networks - Multiple Scales 
 

The methods discussed above were used to arrange data sets into clusters and identify 

patterns of gene expression. A more powerful artificial intelligence method, the artificial 

neural network (ANN), learns to classify data [reviewed by (Wang, 1993)]. The difference 

between clustering and classification is that clustering puts data into groups (the output is 

grouped data), and classification is the assignment of a previously unseen input vector to a 

group or category (the output is a prediction). Once an ANN is trained on a set of inputs and 

outputs, the ANN can predict the output from an input pattern. An ANN can also provide 
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information about the contribution of the individual data values that constitute the inputs to 

the various outputs of interest. 

The basic element of an ANN is the processing element [PE; Figure 3.1; (McCulloch and 

Pitts, 1943)], and an ANN is a perceptron (Rosenblatt, 1958). Just as in the SOM, the PEs 

receive input (x) and produce output (y). Unlike the SOM, which performs clustering in an 

unsupervised manner, the learning by the PEs in an ANN is supervised. This means that the 

(final) desired output is known, so the output y (an activation function of the input and 

weight) is compared to the desired output, and the difference, or error, is used to adjust the 

weight. Adjustment of the weights on the PEs is how learning is accomplished. Figure 3.1 

shows one PE with one input (xj). A PE may have more than one input, and each input has a 

weight. The value of the output (yi) in that case would be a function of the sum of the 

weighted inputs. The arrangement of the PEs depends upon the input data and the nature of 

the classification problem. For a more complicated pattern to be recognized, more layers of 

PEs are needed (Figure 3.3). 

Figure 3.3 shows how many PEs may be arranged to create a "multi-layer perceptron", a 

descriptive name for this type of ANN. As the name suggests, there is more than one layer. 

Sometimes the input layer is counted, but usually only the hidden layer(s) and the output layer 

are counted, making this an example of an ANN with two layers. More complicated pattern-

recognition problems, such as those that arise in medical applications, require at least two 

layers. ANNs can take multiple types of data as input, because all of the input-output vector 

values are scaled to be numbers between -1 and 1, or 0 and 1. The weights are initialized with 

small random values (Basheer and Hajmeer, 2000). The algorithm used to update the weights 

on the middle layer is called back-propagation [reviewed in (Rumelhart et al., 1985)]. It takes 

into account that the desired value of the hidden layer outputs are unknown, and it "back 

propagates" the error from the final layer (y1 - yi) to adjust the weights on the hidden layer. 

 

 

Figure 3.3. Structure of a multi-layer perceptron. 
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ANNs are trained by repeatedly passing through the training set. Training is complete 

when the weights change less than a small, pre-determined quantity. The general procedure is 

to take a data set of inputs and outputs, and randomly choose part of the dataset to leave out. 

The entire data set is applied to the input layer one input-output vector at a time, with the 

weights adjusted using the output error as described above. This is called one epoch, or an 

iteration. Then, the order of input-output vectors in the training set is shuffled, and another 

epoch is performed. This continues until all of the weights change by a very small amount; 

there are multiple ways to determine this stopping point. Once training is finished, the ANN 

can be used to predict the output from the inputs that were left out. The predicted values are 

compared to the actual values, and the ANN may be adjusted in various ways to optimize the 

predictive capacity (Basheer and Hajmeer, 2000). Another way that ANNs can be used is to 

determine the contribution of each input to the final output, by analyzing the final weights of 

a trained ANN. 

There are many examples of the use of ANNs to predict medical outcomes in the 

literature (Ahmed, 2005). In one example, ANNs were applied to predict long-term survival 

for patients with diffuse large B-cell lymphoma, using microarray data for gene expression in 

the blood (O'Neill and Song, 2003). This study used the ANN to distinguish (classify) 

patients with large B-cell lymphoma from patients with other types of lymphoma, and found 

that 34 of the originally identified 4,026 genes could predict the specific diagnosis. Another 

study used ANNs to successfully diagnose and predict survival for patients with colon cancer 

(Ahmed, 2005). Microarray gene expression data from colon cancer biopsy tissue was used to 

train the ANN along with survival records from the patients. 

ANNs have also been used for other medical issues. For example, patients with the 

genetic disorder thalassemia have defective hemoglobin, and may be cured by a 

hematopoietic stem cell transplant from a sibling with matching human leukocyte antigens. 

Patients do not always have such a sibling, and must look for an unrelated donor if transplant 

is an option. ANNs have been used to predict the possibility of graft-versus-host disease, a 

significant barrier to hematopoietic stem cell transplants. Using relevant input variables, a 

positive prediction rate of 83% was achieved (Caocci et al., 2010). 

ANNs can be created with the Neural Network Toolbox
®
 of Matlab

®
 software, or with 

other commercially available software. Because the algorithms are known, they are not 

terribly difficult to program, if one has sufficient experience with a programming language. 

They should, however, be used with full understanding of the algorithm and the use of the 

optimizing parameters. In general, a few hundred input-output examples are needed to train 

an ANN. The ANN is trained and run multiple times, using a mean or other measure of 

centrality on the output(s) for the predicted answer. 

 

 

Complex Systems - Multiple Scales 
 

One type of system that is well known and has special network properties is a "Complex 

System" (Barabasi and Bonabeau, 2003). The properties of most biological systems (above 

the atomic scale) fit the definition of a complex system (Holland, 1995). These systems have 

different types of elements, and the elements interact with each other according to internal 

rules. Although the roles of the different types of elements are distinct, they may have some 
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redundancy in function. The redundancy gives a complex system resilience. The individual 

elements are replaced when they expire, and when taken together, the behavior of the system 

that is composed of the individual elements is surprisingly complex. 

Many interesting books have been written about complex systems. A series of books have 

been published by the Santa Fe Institute (Santa Fe, New Mexico): Studies in the Sciences of 

Complexity. The key word in the series title is Sciences. The first volume describes examples 

of complex systems, including social insect colonies (anthills, beehives, and wasp nests), in 

eloquent mathematical and logical detail (Bonabeau et al., 1999). The insects that make up 

these complex systems solve complex problems using simple behavioral rules that require 

pattern recognition. Insects of the same species share the behavioral rules and responses to 

pattern recognition. This is why insect species can be distinguished by the nests or hives that 

they build. The patterns they recognize, and their responses to these patterns, are hereditary 

and control the nest-building behavior. Complex systems are abundant among living 

organisms, constituting a recurrent, intriguing motif among living systems (Holland, 1995). 

 

 

Network Analysis - Multiple Scales 
 

Graphical networks have become popular tools for visualizing the results obtained from 

high throughput analysis of biological samples. Network theory has established itself in the 

biomedical literature (Albert, 2005), and graphs are popular in systems biology (Lander, 

2010). The network nature of complex systems has been well-described in layman's terms 

(Barabasi, 2002). Networks are constructed of elements called nodes, and the connections 

between the nodes are called edges, or links. One can arbitrarily assign the content of the 

nodes and the links that connect them, creating endless possibilities for analyses of systems 

on various scales. 

 

 

Scale-free Networks 
 

One of the many interesting properties of complex systems is that network analyses of 

their interacting entities can produce scale-free networks, or networks with a distribution of 

connections that spans many (numerical) scales of magnitude (Barabasi et al., 2000). The 

distribution of connections between the nodes in a scale-free network follows a power-law 

distribution. From a biomedical perspective, there are aspects of these networks that may be 

exploited (Barabasi, 2007). For instance, because a few of the nodes in a scale-free network 

may have thousands of edges or connections, they are referred to as hubs in the network 

(Jeong et al., 2001). These nodes make the network susceptible to a targeted attack, because 

they connect with many of the other nodes (Albert et al., 2000). The interactions between 

molecules in a biological system have been analyzed as networks, and the information is 

being used to find drug targets for intervention in disease (Yildirim et al., 2007). 

However, network analyses of biological systems have found features that differ from 

those networks that are man-made, like the internet. Different kinds of hubs have been 

identified in human protein-protein interaction networks (Liang and Li, 2007). Proteins 

forming modules that are highly connected (interactive; intra-modular hubs) have less 
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epigenetic regulation of their expression by miRs than proteins that connect the modules 

together (inter-modular hubs). The genes for hub proteins connecting modules have more 

miR binding sites, corresponding to switches on the connections between the modules. These 

properties suggest that proteins that interact and work together at the same time need less 

epigenetic regulation than proteins that connect modules and control their activity. Genes for 

proteins involved in regulatory or developmental processes (inter-modular) also have more 

miR binding sites than genes involved in intra-modular biosynthetic processes (Stark et al., 

2005). This arrangement provides robustness to epigenetic regulatory processes. 

 

 

Network Analysis - Immune System 
 

One of the most commonly named examples of a complex system is the immune system 

(Orosz, 2001). The immune system cannot be studied directly as a network, because the 

immune systems' cells are distributed throughout the body of an organism. They can be 

isolated from an organism and studied in vitro (a Google search of "immune system, in vitro" 

retrieves over 22 million results), but this does not necessarily allow quantification of 

interactions, whether they be direct (cell-to-cell) or indirect (cell-to-cytokine-to-cell). Some of 

the network properties of the immune system have been analyzed using agent-based modeling 

(described below) as a tool (Folcik et al., 2011). The empirical data for immune cell behavior 

were incorporated into an agent-based model, and the model counted the direct interactions 

between the immune cells during an inflammatory response. Not surprisingly, immune cells 

known as dendritic cells were identified as hubs. These cells function in tissue surveillance. 

Dendritic cells carry information from sites of inflammation to the lymph nodes, where they 

present the information to the lymphocytes in events requiring cell-to-cell interactions. The 

unexpected result was that, in simulation runs with a successful immune response that cleared 

a virus from the virtual tissue, there were far fewer interactions than in the simulation  

runs that exhibited an unsuccessful response, in which the tissue was destroyed by the viral 

infection. Swollen virtual lymphoid tissue was also part of the unsuccessful immune 

response; this occurs in strong inflammatory responses. Studying the immune system as a 

complex system reveals the connections between cellular behavioral rules and immune 

system behavior, an example of putting the pieces together. 

 

 

Network Analysis - Genes and Diseases 
 

Other network characteristics of human biology have been studied, and the nodes and 

edges have been defined in some very insightful ways, revealing some interesting properties 

of human susceptibility to disease (Goh et al., 2007). Goh et al. (2007) constructed networks 

that consisted of nodes representing diseases known to involve genetic defects, with edges 

between them representing the defective genes (the Human Disease Network). They also 

constructed a network of genes known to cause diseases when they contained defects, and 

these were connected by edges that represented disorders (the Disease Gene Network). These 

investigators found that genes widely expressed in tissues and essential for survival (encoding 

proteins that have many known interactions, i.e. hub proteins) are unlikely to be connected to 
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inherited disease. Defects in such genes are incompatible with survival to birth. On the other 

hand, genes whose defects cause disease are less abundantly expressed, and not essential to 

survival past the age of reproduction. Diseases such as cancer, caused by genes disrupted by 

somatic mutation (after birth), are not limited to peripheral expression, but could be genes 

encoding hub proteins. These results define heuristics for identifying unknown genetic defects 

in idiopathic diseases. Work is also underway to find the means to correct any genetic defects 

by identifying alternative metabolic pathways that can be manipulated into activity to replace 

defective pathways (Motter et al., 2008). While this effort is in its infancy, it is a manner of 

creative thinking that may, ultimately, find cures for metabolic diseases. 

 

 

Agent/Individual-based Modeling –  

The Individual Scale 
 

At the cellular, tissue/organ, and organismal scale, agent- or individual-based modeling is 

a useful tool for studying complex systems and conducting virtual experiments (Bonabeau, 

2002, Grimm et al., 2005). Agents are the interacting entities, and when they represent whole 

organisms the method is often called individual-based modeling (Grimm and Railsback, 

2005). Most agent-based modeling platforms provide programming elements for signals 

between agents, so extracellular molecules and characteristics of the environment can be 

explicitly represented. The role of the environment is an important factor in agent-based 

models (ABMs), and this type of modeling is uniquely suited for studying agent-environment 

interactions. 

Although agent-based modeling has been around for decades (Gardner, 1970, Reynolds, 

1987), the first textbook on how to construct a model is just now being published (Railsback 

and Grimm, 2012). Railsback and Grimm describe the basic steps in creating an ABM, 

drawing from their experience and the experience of others who have created the freely 

available software packages for agent-based modeling (Table 1). The choice of which 

software to use to create a model often depends on whether one has computer programming 

skills. Currently, the most popular choice for non-programmers is NetLogo (Table 1). 

NetLogo is an extension of the software called StarLogo, which was created to be used as a 

teaching tool at the grade school level (Wilensky and Resnick, 1999). 

The modeling process usually begins with a question about a system, such as how it is 

able to accomplish some task, or what would happen if it were perturbed in some way. ABMs 

have the unique ability to answer questions of "how" and "why", at least to the extent of 

predicting the probability of certain hypothesized answers in silico. Some regard ABMs as 

theory building tools, because the answers to questions obtained in silico must be validated in 

the real world. Once the question is posed, one must decide what is represented by the agents, 

and what is included in their virtual environment. Empirical information about the system is 

used to build a model. The details should be kept to the minimum necessary to answer the 

question about the system. Too much as well as too little detail is undesirable (Grimm et al., 

2005). Agents' behavior is described using logical statements. The easiest way to think of the 

rules for behavior for an agent is to imagine being the agent. Then, an agent's behavior can be 

described in the vocabulary of the system. 
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Once one decides what details to include, the model should be described in writing 

(Grimm et al., 2010). The model can then be created, using the preferred type of software. An 

ABM must also be checked for correct implementation, or verified, to make sure the code is 

written and executing correctly. There is a paucity in standardized instructions for this step 

outside of the computer science realm for traditional programming (Ekbote et al., 2010). 

There are instructions for verification in the new textbook (Railsback and Grimm, 2012). 

After verification, the ABM can be used to conduct virtual experiments. Often there are some 

surprises or unexpected behaviors that appear. These may be due to unforeseen logical 

loopholes in the code, or they may be emergent behaviors of the virtual system. The results of 

the virtual experiments or simulation runs are compared to what happens in the real world. 

The virtual system should emulate the behavior of the actual system. The comparison of 

system behavior to empirical data is called validation. One method for validation is to apply a 

perturbation to the virtual system that has a known effect in the real system, and compare the 

outcomes. If the ABM exhibits outcomes that occur in the real system, it is validated. Even 

so, an ABM that is functional and validated is often a continual work in progress. Revisions 

may be made, and the cycle of development is repeated (Grimm and Railsback, 2005). 

Examples of agent-based models used to answer medically relevant questions include 

some that are simple, and some that are actually hybrid mathematical models with differential 

equations. Starting with ABMs that model cells as agents, a few purely logical ABMs exist. 

One of them is the Basic Immune Simulator (Folcik et al., 2007), and its updated version, the 

Basic Immune Simulator 2010 (Folcik et al., 2011). Both versions were created using Repast 

agent-based modeling software (North et al., 2006). This software is for modelers with 

programming experience. The Basic Immune Simulator has three environments; one 

representing a functional tissue, one representing lymphoid tissue, and one representing the 

blood. The agents representing cells move between the environments, just as the cells of the 

immune system travel through the body. Perturbations to the numbers of agents representing 

dendritic cells, the sentinels of the immune system, lead to virtual hypersensitivity-reactions 

in the ABM (Folcik et al., 2007). The Basic Immune Simulator exhibits emergent properties 

at the system level due to the rules for normal immune cell behavior programmed into the 

agents. This model continues to be developed to study fibrotic lung disease (Folcik et al., 

2009), and will be used to virtually test hypotheses regarding the cellular behavior that leads 

to idiopathic pulmonary fibrosis. 

Others have built hybrid ABMs modeling the immune response using NetLogo (Table 1) 

and Matlab
®
 software. One ABM has been constructed to study the homing of monocytes to 

areas of inflammation, including flow dynamics in the microvasculature (Bailey et al., 2007). 

Their approach was to study blood flow in murine muscle with video cameras peering 

through miniature windows, focused on microvessels. They analyzed the video to obtain flow 

dynamics information, and used it, together with empirical information about chemoattraction 

of cell types into inflammatory tissue areas, to create their model. The role of adhesion 

molecules expressed by the vessel endothelium to promote the adherence of the monocytes to 

the vessel wall was also included. Besides the quality of the modeling, what makes this 

group‟s studies unique is the creative use of microscopes with cameras to film events taking 

place in vivo in live, anaesthetized animals. Such data are extremely difficult to obtain. Their 

work fills an information gap, and at the same time puts the information to use in a virtual 

environment. 
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The last example is an elegantly simple, but informative, ABM representing caregivers 

and patients as agents in the medical setting of an Intensive Care Unit (ICU) (Hotchkiss et al., 

2005). The model was created using Mathematica
®
 (Table 1). The model addresses the 

problem of nosocomial (hospital acquired) infection, and how the behavior of the caregivers, 

the transmissibility of the virtual bacteria, and the configuration of the virtual environment 

(caregiver traffic flow) affect the numbers of patients infected. The virtual bacteria were 

chosen to represent those requiring direct caregiver-patient contact for onward transmission. 

The results demonstrate that increased transmissibility of the virtual bacteria, duration of the 

caregiver/agent contamination, and number of patients contacted per caregiver, all have a 

positive correlation with increased patient infection incidence in the model. The behavioral 

factors most important for containment were rapid detection, and isolation of infected 

patients. Minimal overlap of caregiver/agent domains (location of the subset of patients per 

caregiver) prevented mass spread of infection. The model reveals what needs to be modified 

in the ICU environment, aside from the obvious necessity for adherence to best practices in 

blood and body fluid precautions. Minimizing the overlap area covered by caregivers can be 

optimized using the model. The solutions to the problem are changes in the rules for behavior 

in the ICU. 

All of the examples above are a glimpse of the potential for computational methods to 

advance medical care. The examples provided in this chapter include investigators who 

learned to think in a way that solves problems, and/or collaborations between individuals with 

different areas of expertise. A hindrance to this process is the difficulty in communication 

between the disciplines of biology, biostatistics, bioinformatics, mathematics, and computer 

science. Cross-disciplinary education is one way that solving the puzzles associated with 

disease can be accelerated in the coming decades. 

 

 

What Computational Skills  
Do Medical Schools Require? 

 

Cross-pollination between disciplines needs to occur, and some overlap in the curriculum 

at the undergraduate or graduate level would be beneficial. Medical schools and graduate 

schools vary in their admission requirements for coursework in mathematics, statistics, and 

computer science. Graduate schools are numerous, and can be flexible in coursework 

requirements, while medical schools have established curricula and prerequisites. According 

to the book Princeton Review: The Best 168 Medical Schools (Braswell, 2011), 98 of the 168 

schools have no requirements or recommendations for mathematics. There are 54 schools that 

have designated mathematical requirements, and 19 schools with recommended coursework. 

Of the 54 schools requiring mathematics in undergraduate coursework, 30 schools ask for 

“college-level mathematics” coursework, but do not further specify. There are 24 schools, 

including Duke Medical School and John Hopkins Medical School, requiring calculus and/or 

statistics classes. There are five schools which require mathematics coursework through 

Algebra and Trigonometry; this is typically completed as a requirement for all high school 

graduates. No schools, however, require a computer science background. 

Of the 19 schools recommending mathematics in undergraduate coursework, there are 

five schools that recommend taking both calculus and statistics courses, and five schools that 
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recommend taking either calculus or statistics. There are also another seven schools that 

recommend taking mathematics courses, but do not specify which courses. Georgetown 

School of Medicine, Tufts School of Medicine, and the University of Missouri - Kansas City, 

School of Medicine recommend taking at least one course in computer science. Tufts School 

of Medicine is unique in recommending both computer science courses, as well as calculus 

and/or statistics courses. This is a very practical recommendation, given all of the technology 

that medical students and physicians need to use in daily practice. This should be the norm for 

the medical schools and for graduate schools in the biomedical sciences, as the understanding 

of computational analysis of data is already a necessity to keep up with scientific progress. 
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