
For the best experience, open this PDF portfolio in
 
Acrobat X or Adobe Reader X, or later.
 

Get Adobe Reader Now! 

http://www.adobe.com/go/reader




1


INFORMS 2011 DATA MINING AND HEALTH INFORMATICS
(DM-HI) WORKSHOP SCHEDULE


Saturday, 8:30am


■ Breakfast


Saturday, 9:10am - 10:00am


■ Parallel Session 1A
Room 209A, Convention Center


Bayesian Modeling and Market Basket Analysis
Cluster: Data Mining and Health Informatics Workshop
Invited Session
1 - A Hierarchical Model for Association Rule Mining of Sequential


Events (9:10am-9:35am)
Cynthia Rudin, Massachusetts Institute of Technology, MIT Sloan
School of Management, E62-576, 77 Massachusetts Avenue, Boston,
MA, 02139, United States of America, rudin@mit.edu, 
Tyler McCormick, David Madigan


In many healthcare settings, patients visit healthcare professionals periodically and
report multiple medical conditions, or symptoms, at each encounter.  We propose a
statistical modeling technique, called the Hierarchical Association Rule Model
(HARM), that predicts a patient’s possible future symptoms given the patient’s
current and past history of reported symptoms. The core of our technique is a
Bayesian hierarchical model for selecting predictive association rules (such as
“symptom 1 and symptom 2 ? symptom 3 “) from a large set of candidate rules.
The hierarchical nature of the method allows “borrowing strength” using the
symptoms of many similar patients.  Thus, the method provides predictions
specialized to any given patient, even when little information about the patient’s
history of symptoms is available. We evaluate our method using data from a large
clinical trial database.  Our experiments indicate that HARM outperforms several
baseline approaches including a standard “maximum confidence, minimum support
threshold” technique used in association rule mining, and also a non-hierarchical
version of our Bayesian method (from Rudin et al.,2010) that ranks rules using
“adjusted confidence.”


2 - A Dynamic Bayesian Network Approach to Market Basket Analysis
(9:35am - 10:00am)


Bumsoo Kim, Doctoral Student, George Washington University, 2201
G Street NW, Fungar Hall 415H, Washington, DC, 20054, United
States of America, bk4498@gwu.edu, Refik Soyer, Srinivas Prasad


Researchers in multiple fields have been intrigued by the problem of market basket
analysis, one of the classic problems in data mining, where different methods and
tools are used to find meaningful associations in consumer purchase data.  Although
there are many different methods used in the literature, the fundamental goal in
market basket analysis involves searching and analysis of association rules.  These
associations could be some type of correlation relationship such as “the sales of
product A and B are positively related” or in some cases may be causal relationship
such as “promotion efforts on product A increases sales on product A”.  In this
study, we investigate the “Bayesian Network” approach to the market basket
analysis problem and focus specifically on the marketing application of the method.
First of all, we look at the Bayesian network paradigm and evaluate the method
against classical methods in tackling the market basket problem.  We also
demonstrate how Bayesian networks can be used to identify and incorporate direct
and indirect effects of promotion in marketing datasets.


■ Parallel Session 1B
Room 209B, Convention Center


Analysis of Populations
Cluster: Data Mining and Health Informatics Workshop
Invited Session
1 - Exploring the Frequency of Quality Health Information In Online


Search Results (9:10am - 9:35am)
Brent Kitchens, University of Florida, 355c Stuzin Hall, 
University of Florida, Gainesville, FL, United States of America,
brentkitchens@ufl.edu, Shengli Li, Christopher Harle


Health consumers increasingly use online health information to inform their
decisions and behavior. Because there may be serious consequences related to
decisions based on inaccurate health-related information, it is important to
understand the quality of health information that is retrieved by the public in their
daily use of the Internet. This study empirically investigates the proportion of
quality information that may be expected to be returned by a popular search engine


(Google) for typical health-related searches. Results show that approximately half or
more of the information returned is of a high quality, as judged by third parties that
review and certify online health information. That said, first-page search engine
results still include practically significant proportions of web sites whose quality may
be questioned. Future research should seek to refine understanding of the amount
and variation of online health  information quality. Most importantly, this work
should attempt to understand and analyze information quality in the context of
realistic consumer information search and use behavior.


2 - Methods for the Analysis of Human Microbiome Data
(9:35am - 10:00am)


Paul Brooks, Virginia Commonwealth University, PO Box 843083,
Richmond, VA, 23284, United States of America, jpbrooks@vcu.edu,
Ed Boone, Qin Wang, Patricio S LaRosa, Bill Shannon, 
David Edwards


High-throughput sequencing technology is currently being applied to study the
human microbiome.  The human microbiome is the community of microbes that
populate habitats on and around various body sites.  A sample from a subject is
processed to create profiles that characterize the population of microbes; the
ultimate goal is to find relationships between these microbiome profiles and subject
physiology and health.  In this paper, we address some of the challenges that arise
in the analysis of data generated in a microbiome experiment.  First, we discuss
methods for visualizing microbiome data.  Second, we describe procedures for
assessing bias introduced in the sample processing pipeline so that proper estimates
of true abundances may be obtained.  Finally, we describe a statistical hypothesis
test for confirming that groups of samples arise from different distributions.


Saturday, 10:10am - 11:00am


■ Parallel Session 2A
Room 209A, Convention Center


Microbiology and Networks
Cluster: Data Mining and Health Informatics Workshop
Invited Session
1 - Uncovering Disease Networks using Counterterrorism Approaches


(10:10am - 10:35am)
Mary McGuire, Postdoctoral Fellow, UTHealth Medical School, Dept.
of Pathology & Lab Medicine, 6431 Fannin St., MSB 2.121, Houston,
TX, 77030, United States of America, mary.f.mcguire@uth.tmc.edu,
Gino Lim, Robert Brown


Despite an ever-increasing amount of biomedical research data and the increasing
capabilities to monitor and analyze patients’ data, the underlying mechanisms of
disease are still poorly understood. Network models of biological interactions offer
insights into disease progression with the goal to improve diagnosis, prognosis and
therapeutic interventions. Biological networks can be drawn as directed graphs
whose nodes are biological entities and whose arcs are the interactions among those
entities. The entities range from molecules or cells at the lower levels, moving up to
tissues, organs, organism and populations. The arcs can represent structural or
functional entity interactions and can be dynamic over time. Although biological
network models based on Internet or social network analogies may be useful, their
focus on hubs runs contrary to the distributed nature of progression in diseases such
as cancer. We propose that terrorist network models may help uncover hidden
disease networks by using qualitative and quantitative methods traditionally used
for military, defense, and security applications, including – but not limited to – those
used in counterintelligence, counterinsurgency and counterterrorism efforts.
Examples will be drawn from disease networks including metastasis of renal cell
carcinoma.


2 - Finding the Most Discriminating Sets of Biomarkers by Maximum
Weighted Clique (10:35am - 11:00am)


Seyed Javad Sajjadi, PhD candidate, University of South Florida,
4202 E Fowler Ave, ENC 2400, Tampa, FL, United States of America,
ssajjadi@mail.usf.edu, Bo Zeng, Xiaoning Qian, Amin Ahmadi Adl


In order to find the most discriminating and reliable subsets of biomarkers for a
given disease, we consider a node and edge weighted graph to represent the set of
biomarkers and their interactions with respect to their influence on disease
development. Then, we formulate a Maximum Weighted Clique Problem (MWCP),
which is a large-scale integer programming problem. To compute its solution, we
develop a fast heuristic algorithm that solves the MWCP sequentially to identify the
highly connected sub-graphs without overlap. A set of computational results will be
presented along with discussion of insights on our solution strategy in solving
biomarker identification problems.
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■ Parallel Session 2B
Room 209B, Convention Center


Data-Driven Modeling
Cluster: Data Mining and Health Informatics Workshop
Invited Session
1 - A New Real-time Parameter Estimation for Virtual Cardiovascular


Model using ECG Signal (10:10am - 10:35am)
Trung Le, Oklahoma State University, Industrial Engineering,
Stillwater, OK, 74075, United States of America,
trung.le@okstate.edu, Satish Bukkapatnam, Ranga Komanduri


This research presents a new approach for real-time simulation of heart dynamics
where the real-time electrocardiogram (ECG) measurements are used as external
activation. The model uses lumped mass nonlinear differential equations to capture
the coupled mechanical and physiological actions of the heart chambers, valves,
pulmonary and systemic blood circulation loops. The model parameters are
estimated online from the ECG features. The model was implemented in
Matlab/Simulink environment and tested using signals in MGH/MF Waveform
Database from Physionet. The results show that the model was able to discern the
effect of variations in the time and frequency patterns of central venous pressure,
pulmonary blood pressure, and respiratory impedance. The model-derived signals
correlated well (R2 ~0.78) with the actual hemodynamic signals. These findings
support the suitability of developing a virtual instrument platform where the model-
derived signals (presented appropriately) can be used for clinical diagnosis in lieu of
expensive instrumentation.


2 - Data-driven Models for Monitoring Long-term Effects of Drugs
(10:35am - 11:00am)


Yihan Guan, Ph.D. Candidate, Stanford University, 475 Via Ortega
212F, Stanford, CA, 94305, United States of America,
yihan@stanford.edu, Margret Bjarnadottir


Even if drugs have been proven safe and effective, knowledge about long-term
pharmacological and toxicological effects is often limited. Traditional drug studies
are short-term clinical trials and therefore long-term benefits and risks cannot be
fully determined from these studies. Long-term toxicity effects are key
considerations for drug classes taken for chronic conditions, because exposure to
these drugs can be years or decades. In addition, recent studies have suggested that
it may be cost-saving to administer statins as a preventative regiment to a large part
of a population. Therefore, obtaining knowledge of long-term effects of drugs is
more urgent than ever, as we are moving away from strictly therapeutic drug use to
preventative use. One possible data source to study long-term effects is healthcare
claims, which has the advantage of a large volume to study rare outcomes. In this
paper, we develop and contrast statistical frameworks to compare longitudinal
outcomes associated with long-term use of drugs.  We discuss properties of different
methods under different toxicity assumptions and evaluate their effectiveness using
claims data, focusing on chronic statins use. In particular, we propose a self-control
case design as an efficient approach for long-term analysis under increasing toxicity
assumptions.


Saturday, 11:00am - 11:30pm


■ Coffee Break


Saturday, 11:30am - 12:30pm


■ Special Invited Talk
Room 208B, Convention Center


Invited Talk- Nick Street
Cluster: Data Mining and Health Informatics Workshop
Invited Session
1 - Data Mining for Personalized Health Care Decision Making


Nick Street, The University of Iowa, S210 John Pappajohn Business
Building, Iowa City, IA, 52246, United States of America, 
nick-street@uiowa.edu


Health care choices are made based on results of large-scale  studies.  The care you
receive is therefore based on what works for  most people, not necessarily what will
work for you.  However, massive datasets of patient records are increasingly being
mined to allow personalized health care decision making.  This talk  will highlight
work by our group that addresses the following questions:  How can a person
choose the best lifestyle choices to minimize the  risk of heart disease?  How can a
nurse minimize a child’s distress  during a painful medical procedure?  And, how
can a physician choose  the best diagnostic test to reach a fast, cheap, and correct
diagnosis?


Saturday, 12:00am - 2:00pm


■ Lunch


Saturday, 2:00pm - 2:50pm


■ Parallel Session 3A
Room 209A, Convention Center


Machine Learning
Cluster: Data Mining and Health Informatics Workshop
Invited Session
1 - A Latent Feature Factor Graph for Cancer Diagnosis using


Microarray Gene Expression Data( 2:00pm - 2:25pm)
Mohammad Khoshneshin, The University of Iowa, 
318 Finkbine Ln. 10, Iowa City, IA, 52246, United States of America,
mohammad-khoshneshin@uiowa.edu, Nick Street


In this paper, we propose a latent feature model, Latent feature factor graph (LFFG),
for the gene expression microarray classification problem.  LFFG is a factor graph in
which each entity is represented via a latent feature variable, a node in the factor
graph. Then the relationship between entities is captured via a function of latent
features, a factor in the factor graph.  We use maximum a posteriori estimation to
learn the latent features for the gene expression microarray classification problem.
The experiments over a small dataset are promising as LFFG outperforms SVM, the
state-of-the-art classification method in microarray classification.


2 - Probabilistic Classification using Fuzzy Support Vector Machines
(2:25pm - 2:50pm)


Marzieh Parandehgheibi, Graduate Student, Massachusetts Institute
of Technology, 70 Pacific Street, Apt. #403C, Cambridge, MA, 
02139-4251, United States of America, marp@mit.edu


In medical applications such as recognizing the type of tumor as Malignant or
Benign, a wrong diagnosis can be devastating. Methods like Fuzzy Support Vector
Machines (FSVM) try to reduce the effect of misplaced training points by assigning a
lower weight to the outliers. However, there are still uncertain points which are
similar to both classes and assigning a class by the given information will cause
errors.  Here, we propose a two-phase classification method which probabilistically
assigns the uncertain points to each of the classes. First, FSVM is applied to the
whole training data such that most of the uncertain points will be placed in the
margin. Moreover, the certain points are assigned to appropriate classes. Next, a
fuzzy membership function and an appropriate rule with a grade certainty are
defined to classify the points that were located in the margin. This will result in
assigning uncertain points to each of the classes with a specific probability.  The
proposed method is applied to the Breast Cancer Wisconsin (Diagnostic) Dataset
which consists of 569 instances in 2 classes of Malignant and Benign. This method
assigns certain instances to their appropriate classes with probability of one, and the
uncertain instances to each of the classes with associated probabilities. Therefore,
based on the degree of uncertainty, doctors can suggest further examinations before
making the final diagnosis.


■ Parallel Session 3B
Room 209B, Convention Center


Healthcare Logistics
Cluster: Data Mining and Health Informatics Workshop
Invited Session
1 - Planning and Operational Decision Models for Public Health


Emergency Response Logistics (2:00pm - 2:25pm)
Kathleen King, Cornell University, 257 Rhodes Hall, Ithaca, NY,
14853, United States of America, kak59@cornell.edu, 
John Muckstadt


Public health emergencies, such as pandemics and bioterrorist attacks, require rapid
responses from federal, state, and local authorities in order to prevent widespread
mortality and morbidity. Current response plans seldom account for the variety of
risks and uncertainties inherent in making the logistics decisions necessary for this
type of coordinated effort. We have developed a suite of models to help public
health officials both prepare for potential emergencies and to make operating
decisions when actually responding to an event. For the planning phase, we have
constructed methods for estimating the inventory, staffing, and transportation, and
we show the marginal value of increasing resource capacities in various scenarios.
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We have also built a simulation to evaluate the quality of existing response plans, to
help policy makers understand how the different parts of the system will affect one
another. For the operational phase of an emergency response, we have built
methods for estimating patient demands at vaccine dispensing clinics over time,
allocating medical supplies throughout the distribution network, and setting staffing
plans based on observed demands. Our work provides public health officials with
quantitative methods for making policy decisions and analyzing emergency response
plans.


2 - Multi-agent Patient Scheduling Through Auctioned Decentralized
MDPs (2:25pm - 2:50pm)


Hadi Hosseini, University of Waterloo, Ontario, Waterloo, Canada,
h5hossei@uwaterloo.ca, Robin Cohen, Jesse Hoey


In this paper, we consider a novel approach to a multiagent resource allocation
problem that arises in medical settings in which a set of consumers (patients)
require a finite set of resources and the overall state of all consumers in the system
needs to be optimized. With many consumers and resources, it is intractable to
compute an optimal solution. Yet, there is a measure of utility or consumer success
(e.g. the health state of the patients) that can be leveraged towards determining
preferable allocations.  We propose an approximate solution in which each
consumer is represented by a Markov Decision Process (MDP) based agent that
models the expected progression of its utility given the resources, and has an
approximate model of its expected access to resources given the global state of all
competing agents. A global auction-based mechanism is then proposed that requires
each agent to bid for resources based on its expected gains (e.g. its long-term
health) from obtaining each resource. The allocation of resources proceeds by
maximization over bids in an iterative multi-round auction.  We are able to show
that the global utility value across all consumers is closer to optimal using our
approach compared to competing approaches. In addition, our approach is
sufficiently flexible to support the integration of temporal constraints between
resources.


Saturday, 3:00pm - 3:50pm


■ Parallel Session 4A
Room 209A, Convention Center


Clinical Studies
Cluster: Data Mining and Health Informatics Workshop
Invited Session
1 - Understanding the Role of Mental Disorders on HIV Patient


Outcomes ( 3:00pm -3:25pm)
Shengfan Zhang, North Carolina State University, 400 Daniels Hall,
Raleigh, NC, 27695, United States of America, szhang5@ncsu.edu,
Fay Payton, Julie Ivy


This paper studies the impact of comorbidities, with a particular focus on mental
disorders, on HIV patient outcomes as measured by inpatient length of stay (LOS)
and total charges. Generalized linear models (gamma models) are developed to
characterize the effects of selected comorbidities on HIV patient outcomes in the
adult 2006 National Inpatient Sample. Comorbid HIV patients experience different
LOS and total charges. In particular, having mental disorders results in a decrease in
both LOS (by 19%) and total charges (by 15%) for HIV patients. To characterize the
role of individual mental disorder, principal component and cluster analyses on ICD-
9 codes are used, and eight conditions are found to be most strongly associated with
HIV. These results suggest the complexity and combination of these conditions
necessitate an integrated approach for diagnoses, treatment and disease
management of comorbid HIV patients, particularly those with substance abuse and
depressive mood disorders.


2 - Using Gaussian Processes to Monitor Diabetes Development
(3:25pm - 3:50pm)


Si-Chi Chin, The University of Iowa, LIB 3087, Iowa City, IA, 52242,
United States of America, si-chi-chin@uiowa.edu, Nick Street


This paper uses Gaussian process techniques to model time series data  of HbA1c
level, a common measure to monitor or screen diabetes. The  HbA1c level estimates
how well blood sugar is under control.  To  facilitate the control of diabetes, we
develop a patient-level model  to individually predict the development of the
disease for each patient. Gaussian processes represent a successful machine learning
technique known for their flexible modeling abilities and high predictive
performances. This approach allows multi-dimensional inputs and assigns a
confidence score to the predictions, accounting for temporal uncertainty of time
series data. The purpose of this paper is to discuss the use of the Gaussian process
technique, previously unseen in diabetes research, to monitor the development of
the disease.


■ Parallel Session 4B
Room 209B, Convention Center


Cancer Screening
Cluster: Data Mining and Health Informatics Workshop
Invited Session
1 - Mining the Effects of Changing Demographics on Breast Cancer


Screening Practices in Women (3:00pm - 3:25pm)
Kalyan Pasupathy, University of Missouri, CE732 CS&E Building,
Five Hospital Drive, Columbia, MO, 65212, United States of America,
pasupathyk@missouri.edu, Zeyana Hamid


Breast cancer is a major chronic disease and early identification is necessary for
treatment. Mammograms are clinical screening tests that increase the detection of
breast cancer and provide diagnosis for treatment. Educating the public and
promoting screening practices requires understanding of individual behavior
patterns and temporal changes. For instance, various socio-economic subgroups
have different behavior patterns. And, the demographics of communities change
over time. Understanding these effects is necessary to design programs and
implement policy. Partially funded by the Missouri Department of Health and Senior
Services, and based on behavioral risk data collected over five years, this research
identifies profiles of women’s breast cancer screening practices based on socio-
economic factors using various data mining techniques. Major factors include age,
cost of access, income and number of children in household. Such profiles can be
used to model the entire community, study and predict future public health status
of communities.


2 - An MDP Approach to Cervical Cancer Screening (3:25pm - 3:50pm)
Diana Sanchez, Master, Universidad de los Andes, Cra 1 #18a - 12,
Bogota, Colombia, dm.sanchez57@uniandes.edu.co, Thomas Yeung,
Cristina Lopez, Raha Akhavan-Tabatabaei


Cervical cancer, caused by the human papillomavirus (HPV), is the second most
common cancer in women. Proper screening through the Pap test can reduce cancer
incidences by 60%. Abnormal Pap tests are followed by a colposcopy procedure in
order to obtain further information. We propose a finite-horizon Markov Decision
Process (MDP) to find the optimal screening policy for cancer prevention. The
model chooses whether an additional screening should be made beyond the annual
Pap frequency and whether the Pap test should be bypassed in favor of a direct
colposcopy to eliminate an additional procedure and trip to the doctor’s office.
Decisions are made based on the woman’s current diagnosis, age, HPV contraction
risk, and screening results. The cost function considers the tradeoffs between
prevention and treatment procedures and the risk of taking no action while taking
into account the life-quality of patients. We apply the model to data collected from a
representative sample of 1,141 Colombian women. The results suggest that in order
to effectively track disease progress and avoid higher cancer rates and future costs,
more frequent screenings should be carried out on patients with higher risk profiles.
However, the annual guideline is sufficient for healthy women.


Saturday, 3:50pm - 4:10pm


■ Coffee Break


Saturday, 4:10pm - 5:10pm


■ Panel Discussion
Room 208B, Convention Center


Panel Discussion
Cluster: Data Mining and Health Informatics Workshop
Invited Session
1 - The Future of Data Mining in Health Informatics


Moderator: Cynthia Rudin, Massachusetts Institute of Technology,
MIT Sloan School of Management, E62-576, 77 Massachusetts
Avenue, Boston, MA 02139, United States of America,
rudin@mit.edu.


Please join us for a panel discussion on the future of data-mining in health
informatics applications. Panelists will include: J. Paul Brooks (Virgina
Commonwealth), Wei Jiang (Shanghai Jiaotong), Fay Payton (North Carolina
State), Suchi Saria (Stanford), and Nick Street (University of Iowa).
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Abstract


In this paper, we consider a novel approach to a multiagent resource allocation problem
that arises in medical settings in which a set of consumers (patients) require a finite set of
resources and the overall state of all consumers in the system needs to be optimized. With
many consumers and resources, it is intractable to compute an optimal solution. Yet, there
is a measure of utility or consumer success (e.g. the health state of the patients) that can be
leveraged towards determining preferable allocations. We propose an approximate solution in
which each consumer is represented by a Markov Decision Process (MDP) based agent that
models the expected progression of its utility given the resources, and has an approximate
model of its expected access to resources given the global state of all competing agents. A
global auction-based mechanism is then proposed that requires each agent to bid for resources
based on its expected gains (e.g. its long-term health) from obtaining each resource. The
allocation of resources proceeds by maximization over bids in an iterative multi-round auction.
We are able to show that the global utility value across all consumers is closer to optimal using
our approach compared to competing approaches. In addition, our approach is sufficiently
flexible to support the integration of temporal constraints between resources.


1 Introduction


A hospital can be seen as a number of different departments with semi-autonomous functionalities [7]. This separation
enables more efficient ways of organizing resources and gives more flexibility; however, it produces a vital need
for coordination between different departments. To optimize these inter-related processes, not only should all the
departments optimize their internal throughput but it is also necessary to coordinate all the resources and tasks to
maximize the utility of the whole system.


In this paper, we approach the dynamic stochastic resource scheduling problem for domains in which the success
of each task or agent is dependent stochastically on its ability to obtain a sequence of resources over time. In the
medical domain, agents represent patients who require a set of treatments or diagnostic procedures, each of which can
progress its health state (and conversely, lack of which can lead to decrease in health). In this medical setting, patients
have different conditions (e.g. diseases), resources are shared between patients, resources have uncertain effects on
health, but each patient cannot associate any monetary value with health.


We formulate this problem as a decentralized Markov decision process (dec-MDP), in which each consumer
(patient) is represented by a single MDP that has a utility function over its success (health), and models the uncertain
effects of resources on success. Agent MDPs also model the ability of the agent to obtain resources by exposing
their expected regret related to that resource to a centralised decision maker using an iterative auction procedure. The
actions of the consumer agents are then to bid for resources in this sealed-bid first-price iterative auction, or to wait
until resources become free. We demonstrate empirically how this decentralised mechanism can come close to the
optimal solution in the medical domain, considering situations with up to 20 agents and 10 resources.
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Individuals have some limitations and preferences that should be taken into account without necessarily sharing
private information with each other (due to privacy and confidentiality issues). Although one can think of having a
“centralized coordinator agent”, being able to consider all these issues and making the best plan for each agent, the
naturally dynamic and distributed nature of agents makes this approach computationally infeasible, because this prob-
lem is shown to be NP hard. In such settings, multi-agent systems can provide a fair solution with low communication
between agents, while maintaining the natural separation of authority. For example, resource allocation requires search
within all feasible (and even infeasible) possible allocations, and is often too complex and time consuming to perform
in a centralized manner when the environmental characteristics are both distributed and dynamic [8]. Therefore, we
adopt the multi-agent resource allocation technique to address such scheduling and allocation problems.


We first overview related work, followed by a general exposition of the MDP and dec-MDP setting as applied to
resource allocation. We then detail our multi-agent system, and show how it can be applied specifically to the medical
domain. Our results follow on the medical domain.


2 Related Work


Vermeulen et al. in [11] proposed an adaptive approach to automatic optimization of appointment calendars that cate-
gorizes patients into different groups based on urgency and makes flexible reservations. However, it is still the human
schedulers who are responsible for coordination between different groups and medical resources. In another work, to
utilize the distributed and dynamic nature of multi-agent systems, Vermeulen et al. [10] introduced an algorithm based
on negotiation and appointment exchange between patients. Considering Pareto-improver agents, meaning that no
agent will agree to an exchange that will worsen its schedule, a multi-agent pareto-improvement exchange algorithm
was proposed to effectively schedule patients’ appointments on expensive resources. This approach does not consider
emergency departments and highly critical patients as important role players in scheduling calendars.


Becker and Czap [1] considered the problem of scheduling centralized operating theaters in large hospitals. They
represented every individual with a software agent being able to negotiate or make decision on their behalf. Tradi-
tional approaches did not take departmental interdependencies into account and fell short in considering personal or
departmental dependencies (such as which teams work well together, departmental limitations, personal preferences).
Becker et al. [1] introduced a two-stage scheduling system that sets a preliminary plan by just considering medical
demands, and then uses a more advanced algorithm to enhance this plan. Their advanced algorithm is built upon a
Nash-bargaining solution based on the concept of fairness where agents have to negotiate and come up with a Pareto-
efficient solution. They added individual preferences by performing a conjoint analysis at the end of each round of
negotiation where agents should answer a quick question about their preferences over different alternatives.


The decisions of patient admissions to different specialized hospital units or operating rooms are made au-
tonomously by each department. To tackle this problem and also to provide a solution that outperforms previous
attempts, Hutzschenreuter et al. [6] used a probabilistic graph to model the pathway of each patient. Unlike other
approaches such as [9],[11],[3], this work considers the stochastic nature of treatment processes in the medical path-
ways and takes unplanned arrival of patients (such as emergency department) into account. It considers the patient’s
characteristics, uncertainty related to the duration of stay, medical rules, and preferences of involved units as important
stochastic factors, and groups patients on the basis of their required treatment steps based on diagnosis related groups
or expertise of medical specialists. However, this approach works based on the emergency level of each patient. It as-
sumes that patients are admitted to a hospital unit only if resources are available. Therefore, if there are many requests
for admissions it automatically rejects some less critical patients and admits those with higher levels of criticality.


In an attempt to minimize patient stay time in hospitals, Paulussen et al., in [9], proposed a distributed patient
scheduling model. Their model is a patient-centered multi-agent based coordination system that uses market mecha-
nism to properly allocate resources such as medical devices and physicians to patients. This market-based mechanism
is suitable for environments where the situation is changing constantly and there is a need for an efficient solution with
low communication needs. However, the required medical tasks are assumed to be interchangeable, meaning patients
can use any order of their medical treatments to complete their medical pathway.


Markov decision processes have been used extensively in patient scheduling problems, but are usually restricted to
only a single type of resources (e.g. CT scanners) and to a small number of resources and agents. For example Gocgun
et al. model a dynamic patient arrival situation with only one or two resources using a single MDP [5]. Enabling such
a method to scale to larger numbers of resources would require a dec-MDP approach as we propose here.
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3 Multi-Agent Resource Scheduling Using Decentralized MDPs


We are motivated by the challenge of effectively allocating resources to patients in hospital settings. In this domain,
there is usually uncertainty about diagnosis and treatment steps. Patients may need to prolong their stay in one
unit, or need to take a different medical task while their treatment procedures are being carried on. Furthermore,
patients should go through a series of tests and treatments in order to complete their medical pathways. Thus, a better
scheduling system can decrease waiting time for patients and increase overall health.


The problems were are interested in involve a set ofN consumers, each of whom requires some subset of a total of
R resources. The consumers each have a measure of quality or success that the are trying to optimise, and this quality
is influenced stochastically by the resources they require and by time. That is, consumers try to reach a higher success
by obtaining a set of resources. However, resources are limited and the multi-agent system’s goal is to achieve the
highest global level of success across all agents by allocating resources to consumers in a the optimal temporal order.
Further, each consumer has a resource pathway that represents the partial ordering in which they need the resources.


We consider the multi-agent system to be made up of two types of agents: a consumer agent acts on behalf of
each consumer, and is responsible for calculating the utility of getting a resource at each time slot. Resource agents
act on behalf of each resource, and are responsible for allocating their available time slots to the consumers by holding
auctions. We model the uncertainties in the system using Markov decision processes (MDPs). One can model the
whole resource allocation process using a single MDP consisting of a permutation of all the possible allocations to the
patients. However, increasing the number of patients or resources may cause a dramatic increase in the size of state
space, making it infeasible to solve. In the context of healthcare, finding a suitable allocation quickly is essential for
improving the performance. Furthermore, patient scheduling needs to be done real-time due to the unknown patient
arrival rates in different departments, especially emergency departments. Therefore, we model the patient scheduling
problem using decentralized MDPs. Agents dynamically collaborate in order to find an optimal allocation while trying
to maximize their local utility function based on the preferences and limitations.


3.1 MDP formulation of Consumers
Our model is a factored MDP represented as a set of variables and functions 〈R, H, PT ,ΦA〉 where R is a finite set
of resource variables, each of which is R ∈ {n, v, d} representing that the agent n =needs, v =has, or has d =had
the resource in question. H is a variable measuring agent success (e.g. patient health in the medical domain). We use
S = {R, H} to denote the complete set of state variables. Φ(H) is a reward function based on the success, PT is a
transition model that gives the probability of reaching state S′ after having health state H and resources R, and A is
a set of actions. There is one action for each resource, plus a null action. The resource actions represent bids for the
corresponding resource, as detailed in Section 3.2.


In the medical domain, we will consider undiscounted problems γ = 1, as the health state of patients does not
warrant discounting. For example, if a discount factor γ < 1 is used, then it may be advantageous to postpone
treatment of a patient only to benefit from a discounted cost in the future of a failure to treat, clearly an undesirable
behaviour for the scheduling system. However, our formulation also admits such discounted problems.


A policy for the MDP is a function π(R, H) 7→ A that gives an action for an agent to take in each state S =
{R, H}. The policy can be obtained in a number of ways, including by computing a value function V ∗(s) for each
state s ∈ S, that is maximal for each state (i.e. that satisfies the Bellman equation [2]):


V ∗(s) = Φ(s) +max
a


γ
∑
s′∈S


P (s′|s, a)V ∗(s′) (1)


The policy is then given by the actions at each state that are the arguments of the maximization in Equation 1.
Agents can also compute their expected regret for not obtaining a given resource as follows. First, the agent computes
V ∗(s) = V ∗(r, h) (Equation 1), which in fact is two functions for a given resource, ri: Vi ≡ V ∗(ri, r


−
i ) and V̄i ≡


V ∗(r̄i, r
−
i ), where the first is the expected value if the agent has the resource ri, and the second is the expected value


if not (denoted r̄i), and r−i is the set of all resources except ri. Thus, the expected value for being in a health state h at
time t, bidding for (denoted ai) and receiving (or not receiving) resource ri at time t+ 1 is Qi ≡


∑
h′ P (h′|h, r, ai)Vi


(Q̄i ≡
∑


h′ P (h′|h, r, ai)V̄i). Thus, the expected regret for not receiving resource ri when in health state h isRi(h) =
Qi − Q̄i.
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3.2 A Model for Resource-Based Agent Success


Figure 1: A consumer’s MDP shown as
a two time slice influence diagram


Figure 1 shows our model as a two time slice influence diagram.
We make three primary assumptions. First, the agent success (H)
is conditionally independent of the agent action (e.g. bid) given
the current resources and the previous success. Second, the agent
actions only influence the resource allocation, since the agent can
only influence success indirectly by bidding for resources. Third,
the reward is only dependent on the agent success, H. Thus, the
transition function P (r′, h′|r, h, a) factors as P (r′, h′|r, h, a) =
P (r′|r, h, a)P (h′|r, h) where P (r′|r, h, a) denotes the probability
of getting the next set of resources given the current success, re-
sources, and action. And P (h′|r, h) represents a dynamics model
for the agent’s success rate. For example, in the medical domain,
this will depending on the condition (e.g. disease) of the person and
on the criticality of the health state. While some conditions may
cause a patient to deteriorate rapidly unless resources are obtained,
others may have less of an effect.


The success factor, P (h′|r, h), is a property of an agent’s condi-
tion and can be esimated from global statistics about the nature of the conditions (e.g. diseases), independently of othe
agents. On the other hand, the resource allocation factor, P (r′|r, h, a), will be dependent on the current state of the
multi-agent system. For example, the probability of an agent obtaining a resource will depend on the number of other
agents currently bidding for that resource, and their success conditions. In general, we can make no assumptions about
further conditional independencies in the resource allocation factor. That is, the probability of obtaining a resource
R′ at time t may depend stochastically on the set of resources at time t − 1. However, in many domains, there may
be further independencies that can be encoded in the model. For example, in Figure 1, resource R′i is conditionally
independent of all resources Rj where j /∈ {i, i − 1} (for i > 1) and for j /∈ {i} for i = 1), so the resources are
ordered according to the (linear) resource pathway of this particular consumer.


3.3 Coordination Mechanism
The coordination mechanism is to have each of N agents (e.g. N patients) able to estimate its own expected regret for
not obtaining a given resource, given its best estimate of the future probabilities of getting resources (as given by the
resource allocation factor P (r′|r, h, a)). The regret values of different agents can then be compared globally, and an
allocation can be sought that minimizes the global regret. In the proposed auction mechanism, the consumer agents
compete with each other over the time slots to achieve the objectives of their corresponding consumers [4].


To apply such coordination mechanism to our dec-MDP, we propose a simple auction-based system where agents
can send their current estimates of regret to a central auctioneer, who allocates resources in an iterative auction. Our
coordination mechanism is a multi-round auction mechanims based on first-price sealed-bid auction where each round
is an auction of this type to identify the winner for each timestep of every resource. In each round, agents submit their
bids, and auctioneer determines the winner and moves to the next step.


The auction proceeds in an iterative fashion, and each consumer agent bids on the resource with highest regret
first. If an agent does not win the auction for its highest regret resource, it waits until the auction for its second highest
regret resource becomes available. It can also decide to give up, and is then resigned to not having any resources in
the next time step (which may be a better option than taking a resource ahead of time that will cause damage). While
this iterative auction mechanism is not optimal, it works well in practice as shown in Section 5.


4 Medical Domain Example


In this model, the order of medical tasks is a key factor in allocating resources to patients. Patients have different
medical needs based on their sickness and health conditions, and recovering from these health conditions requires
series of medical tasks. However, these medical tasks are dependent to the results of the previous tasks (or tests).
Therefore, the tasks should be carried on through series of tests and treatment steps in sequence.
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We make three main assumptions in the following. First, we assume that task durations are identical (e.g. it always
takes one unit of time to consume each resource). In order to model resource consumption times, we could extend our
approach by modeling a longer resource as a linear chair of shorter ones. The second assumption is that each agent
is only able to bid on a single resource at a time. Along with our iterative approach, this avoids conflicts in which an
agent is indifferent between two or more resources. The third assumption is that all patients arrive at the same time
(t = 0). This assumption could easily be relaxed, but would mean additional confusing factors in our simulations.


While in e-commerce scenarios, the human principals reveal their preferences through their willingness to pay,
patients should not reveal their preferences through their willingness to pay for a specific time slot of a resource.
The preferences rather have to be based upon severity of a patient’s health state and the patient’s stay time in waiting
queues. The health state of patients decreases every timestep, if patients cannot take over their required resource.


Modeling the pricing mechanism in the absence of monetary units is done using a health-related utility function.
As stated earlier, by finishing a medical pathway a patient (p) gains a reward equal to a utility function: Rewardp(t) =
Hp


max − Hp(t), where Rewardp(t) is the reward of completing the medical pathway at the time t, Hp
max is the


maximum achievable health state, Hp
max = maxtH


p(t), and Hp(t) is the function representing the health state of
patient p at time t. In this paper, we assume that maximum achievable health state after completing the medical
pathway for all the patients is equal to 1, i.e., by finishing the medical pathway patients get 100% recovery.


Patients calculate their willingness to pay by solving their Markov representation of the needed tasks. Then, the
regret V (R′, H ′)−V (R̄′, H ′) is used as the patients bidding price, giving the difference in value between getting (R′)
and not getting (R̄′) the resource given current state R and the patient’s current health state H ′.


5 Experiments and Results


For simulation and testing purposes, we consider 3 to 4 different type of conditions (e.g. diseases). Each type of
condition has a set of resources that are needed to be taken by the patient to complete the medical pathway. In the
beginning of every simulation, we randomly set up the condition profiles for each type, and then, a random condition
profile is assigned to each patient. A condition profile consists of an initial health state and a set of resources in a
specific order. The experiment starts by initializing MDPs using a set of Dirichlet/Beta priors for each randomly
created condition profile. Then, these MDPs are solved and assigned to the patient agents. We tested the bidding
process using the optimal values and also the regret-based approach. These appear to return similar results due to the
fact that our reward function is based on the initial health state of patients. The plots shown in this paper are using the
optimal values of states.


For comparison purposes, we have simulated three different scenarios: our auction-based dec-MDP approach,
the first-come-first-serve (FCFS) approach, and sickest-first approach where agents obtain required resources based on
their initial health state. Patients all start at a fixed initial health condition and depending on the resources they acquire,
their health state improves to healthy or degrades to the sick condition. Three trials are done for each randomly drawn
set of disease profiles (and related MDPs), and this is repeated 10 times, and we present means and standard deviations
over these 10 simulations. We present results with 4 (Figure 2a) and with 10 (Figure 2b) total resources available, in
each case each agent requiring 4 randomly selected resources. We see that our approach consistently outperforms the
FCFS and sickest-first approaches We find these initial results encouraging, and seek to explain in more detail some
of the observed behaviours.


6 Conclusions


This paper presented a multi-agent decentralized mechanism for resource allocation in situations where resource con-
sumers can measure their utility over the long term, and resources have stochastic effects on this utility. We model
each consumer as a Markov decision process, and propose an iterative auction mechanism in which consumers bid for
resources using their expected long-term regret. We apply this model to a general medical domain in which consumers
are patients who require hospital resources (e.g. treatments, diagnostic tests), and each patient requires a partially
ordered set of resources that have uncertain effects on health state. We show in simulation that the model can scale to
a reasonable number of patients and resources. Our future work is to continue experimenting with the scalability of
this method, and to remove various assumptions (e.g. task duration, agent arrival times). Further, we wish to address
the fact that medical pathways of patients are often not stationary (i.e. they change over time).
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(a) 4 available resources
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(b) 10 available resources


Figure 2: Simulations results with three different allocation methods
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Abstract


In medical applications such as recognizing the type of a tumor as Malignant or Benign, a wrong diagnosis can be
devastating. Methods like Fuzzy Support Vector Machines (FSVM) try to reduce the effect of misplaced training points
by assigning a lower weight to the outliers. However, there are still uncertain points which are similar to both classes
and assigning a class by the given information will cause errors. In this paper, we propose a two-phase classification
method which probabilistically assigns the uncertain points to each of the classes. The proposed method is applied
to the Breast Cancer Wisconsin (Diagnostic) Dataset which consists of 569 instances in 2 classes of Malignant and
Benign. This method assigns certain instances to their appropriate classes with probability of one, and the uncertain
instances to each of the classes with associated probabilities. Therefore, based on the degree of uncertainty, doctors
can suggest further examinations before making the final diagnosis.


Keywords: Support Vector Machine(SVM), Fuzzy Classification, Training Data, Uncertain Points.


1 Introduction


Support Vector Machine (SVM) is one of the most powerful pattern classification methods known in recent years
[1, 2]. In a two-class data set, SVM first maps the data set to a higher dimension to make the classes seperable. Then,
it finds the seperating hyperplane while maximizing the margin between two classes. However, in many cases, the
classes may have overlaps, i.e., they are not separable. In such cases, SVM allows some points to be on the wrong side
with a specific cost, though it still maximizes the margin between the classes.


Moreover, there exist many applications, in which all points may not be exactly assigned to either of the classes,
i.e., some points might be noisy. Generally, SVM assigns equal weights to all of the points. Thus, they have the same
importance in determining the margin. Lin and Wang, in [4], addressed this deficiency by introducing a modification
of SVM called “Fuzzy Support Vector Machine(FSVM)”. By defining a fuzzy membership function, they assigned
a fuzzy value or weight for each training point, and then ran SVM to reduce the effects of outliers and noisy points.
FSVM has attracted a lot of attention on both improving and applying this method to different data sets. Diffent fuzzy
membership funztions have been considered to improve the performance of FSVM [8], and an iterative Fuzzy Support
Machine (IFSVM) method is introduced in [5]. Moreover, Abe and Inoue showed that FSVM can be generalized from
two-class data sets to multiclass data sets [6].


Another pattern classification method is fuzzy classification, which is based on the truthness of value known as
membership value. For each attribute of a class, a membership function is defined, and the range of membership values
for every instance is between [0, 1], where 1 shows the absolute truth and 0 shows the absolute false. For each class,
an if-then rule is defined which shows if the membership values of an instance are in the determined ranges, then the
instance would be assinged to that class.
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Despite the great performance of FSVM and fuzzy classification, there is still a shortcoming. In medical applica-
tions such as disease recognition, a wrong diagnosis can have devastating effects on a person’s life. To decrease the
possibility of error, we propose a two-phase classification method which probabilistically assigns the uncertain points
to each of the classes. First, FSVM is applied to the whole training data such that most of the uncertain points will
be placed in the margin. Moreover, the certain points are assigned to appropriate classes. Next, a fuzzy membership
function and an appropriate rule are defined to classify the points that were located in the margin. This will result in
assigning uncertain points to each of the classes with a specific probability. The proposed method is applied to the
Breast Cancer Wisconsin (Diagnostic) Dataset which consists of 569 instances in 2 classes of Malignant and Benign.
This method assigns certain instances to their appropriate classes with probability of one, and the uncertain instances
to each of the classes with associated probabilities. Therefore, based on the probability values, doctors can suggest
further examinations before making the final diagnosis.


The organization of the rest of this paper is as follows. In Section 2, we present the idea behind Fuzzy Support
Vector Machine method. In Section 3, we discuss the Fuzzy classification, and propose our probabilistic method.
Finally, we provide simulation results in Section 4 and conclusions in Section 5.


2 Fuzzy SVM


In this section, the classic SVM is explained followed by FSVM. Suppose training data consists ofN pairs (x1, y1), · · · ,
(xN , yN ), where xi ∈ Rp and yi ∈ {−1, 1}. Define a hyperplane by


x : f(x) = xTβ + β0 = 0, (1)


where β is a unit vector: ‖β‖ = 1. A classification rule induced by f(x) is


G(x) = sign[xTβ + β0]. (2)


To deal with the overlap in the classes, SVM maximizes the margin between the training points for class 1 and -1
(M ), but allows for some points to be on the wrong side of the margin. Defining the slack variables ζ = (ζ1, ζ2, ..., ζN ),
the constraint can be modified as follows:


yi(x
T
i β+β0) ≥M − ζi, ∀i = 1, · · · , N, (3)


N∑
i=1


ζi ≤ constant, ζi ≥ 0 ∀i = 1, · · · , N. (4)


Defining M = 1
‖β‖ , we will have :


min ‖β‖+
N∑
i=1


ζi (5)


s.t. yi(x
T
i β+β0) ≥ 1− ζi, ∀i = 1, · · · , N (6)


ζi ≥ 0, ∀i = 1, · · · , N (7)


As explained earlier, in many real instances, all the data points do not have the same certaintity. Therefore, the
uncertain points should get a lower weight, and have less contribution in determining the marginal region. In this
paper, we consider a Gaussian function for the weights.
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Suppose out of N points, N1 points are in class 1 and N2 remaining points are in class 2. Define the weight for
each point as following:


W (xi) =


p∏
j=1


exp


−(xij−µjk)2


2σ2
jk , ∀xi ∈ Class k, (8)


where µjk and σjk refer to the mean and standard deviation of jth feature of all points in the class k, respectively.
Moreover, xij indicates the jth feature value of ith point.


Then, we normalize the weights such that the total sum of the weights is equal to N , which is the sum of error
costs for the classic SVM. In (9), Wn(xi) indicates the normalized weight.


Wn(xi) =
N∑N


i=1W (xi)
W (xi). (9)


Finally, the wights show up in the objective function:


min ‖β‖+
N∑
i=1


Wn(xi)ζi. (10)


Points near to the center of each class have a higher weight than those farer. Therefore, near points will be classi-
fied certainly, and the points which are in the middle of the two classes, called uncertain points, will be located in the
margin. In the next section, we discuss how to classify the marginal points probabilistically.


3 Fuzzy Classification of Marginal Points


In this part, we apply a fuzzy classification on the marginal points. Here, we use a fuzzy rule-based classification
method, which has been applied to many data sets [9], [10]. The method used to generate the fuzzy rule is based on
the mean and the standard deviation of each attribute [7]. Similar to the Gaussian weights in the previous section, a
Gaussian fuzzy membership function Aik is defined for every test point yi located in the margin as


Aik =


p∏
j=1


exp


−(yij−µjk)2


2σ2
jk , ∀k ∈ 1, 2, (11)


where µjk and σjk are the mean and standard deviation of training points of class k located in the margin, respec-
tively. This membersip shows the closeness of element yi to the center of kth class. To measure the related closeness
of a point to both centers, a “membership probability” is defined for each marginal point as follows:


Pi,C1 =
Ai,C1


Ai,C1 +Ai,C2
and Pi,C2 = 1− Pi,C1. (12)


Points with probability more than 90% in class, will be assigned to that class. Otherwise, the given information
is not sufficient to make a decision. Applying this probabilistic FSVM (PFSVM) on the Breast Cancer Wisconsin
(Diagnostic) Dataset consisting of 569 instances, we will show that the probability of making a wrong decision is less
than 1.23%, and the wrongly classified points in the FSVM will be determined as unknown classes, and will need
additional information.


4 Simulation Results


In this section, we examine the performance of PFSVM, and compare it with previous known methods. The data
set we use is the Wisconsin breast cancer diagnostic dataset [11], which consists of 569 instances in two classes of
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Malignan (M) and Benign (B) with 32 features per instance. First, the number of features is reduced from 32 to 23 by
saving just one feature out of every set of features with correlation more than 0.95. Then by a 10-fold cross validation
method the set of training and test data is determined. The two-phase probabilistic classifier is applied to the the new
dataset.


In the first phase, we have obtained the margins using FSVM in which each training point gets a Gaussian weight.
We then find the training points that are located inside the margin. Since there are 23 features, we project both margin
and the points inside it onto a plane. Figure 1 compares the size of margins obtained by SVM and FSVM methods.


(a) SVM - Width of Margin: 0.895


(b) FSVM - Width of Margin: 1.931


Figure 1: Comparison of margins in SVM and FSVM


Moreover, observe that, on average, more than 80% of errors are located in the margin. Figure 2 illustrates an
example. We can also observe that in all the cases, a Manignan cancer is classified in the Benign group which is more
dangerous than misclassifying a benign type. Therefore, we double the weight of an error of type Manign.


By doubling the cost of misclassification of an “M” type instance, the errors occur in the margin with probability
more than 98%. For comparison, we obtain the classifiers using both SVM and Fuzzy methods , and then apply it onto
the test dataset. We also apply the probabilistic method explained in section 3 to the whole dataset, instead of marginal
points found by FSVM. Table 1 shows the comparison.
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Figure 2: Errors located inside and outside of margin


Method \Run # 1 2 3 4 5 6 7 8 9 10 percentave
SVMerr 1 1 5 3 4 1 2 4 0 1 3.86
FSVMerr 4 4 5 7 7 3 2 1 3 4 7.02
FUZZYerr 3 3 5 8 4 6 5 3 3 1 7.19
PFSVMerr 1+1 1 0 0+2 3+1 0+2 0 1 2+1 0+2 1.63
PFSVMundet 1 1 1 2 0 1 2 1 0 0 1.58


Table 1: Comparison of different classification methods


Table 1 shows that the error of probabilistic method is significantly smaller than the other methods. Note that the
error of FSVM is higher than SVM which is due to the fact that the decreament of points’ weights allows more errors
and increases the margin. However, this increament of margin ensures us that the points outside of the margin are
classified correctly.


Method \Run # 1 2 3 4 5 6 7 8 9 10 percentave
SVMerr 4 2 4 2 1 2 3 1 2 3 4.29
FSVMerr 6 2 3 2 1 2 4 1 4 5 5.36
FUZZYerr 7 2 5 4 1 3 6 3 4 4 6.96
PFSVMerr 0 2 1 0 0 2 0 0 0+1 1 1.23
PFSVMundet 1 0 3 1 0 1 1 1 3 1 2.14


Table 2: Comparison of different classification methods - double cost


Table 2, shows the result of doubling the cost of errors in diagnosing Malignant cancer, i.e. if a cancer is Malignant,
and diagnosed as Benign, this error has a higher cost than the reverse error. We can see that the classification rate is
higher than 98.77% (error is 1.23%). Moreover, the sum of error and undetermined percentages is 3.37, which is less
than all errors in both tables. Note that by running a probabilistic classification on the pure SVM, FSVM or Fuzzy
classification, the sum of error and undetermined percentages will not be smaller than the current error. Therefore,
neither of these classification methods can do better than the new probabilistic method.
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5 Conclusion


In this paper, we considered the problem of disease diagnosis. We showed that in some cases, a deterministic classifi-
cation method is not a proper method since the information may not be enough for making decision and mistakes can
be devastating. Therefore, we came up with a probabilistic method and showed that it gives a smaller error rate than
classic SVM and fuzzy classification. By applying our method to Breast Cancer Wisconsin (Diagnostic) Dataset, we
showed that this method assigns a certain class to the cases that have strong evidence of being a Malignant or Benign
type of cancer, where it assigns a probability to the cases which do not have enough information of being in a certain
type.
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Abstract


Health consumers increasingly use online health information to inform their decisions and behavior. Because there
may be serious consequences related to decisions based on inaccurate health-related information, it is important to
understand the quality of health information that is retrieved by the public in their daily use of the Internet. This
study empirically investigates the proportion of quality information that may be expected to be returned by a popular
search engine (Google) for typical health-related searches. Results show that approximately half or more of the
information returned is of a high quality, as judged by third parties that review and certify online health information.
That said, first-page search engine results still include practically significant proportions of web sites whose quality
may be questioned. Future research should seek to refine understanding of the amount and variation of online health
information quality. Most importantly, this work should attempt to understand and analyze information quality in the
context of realistic consumer information search and use behavior.


Keywords: health search quality, online health search, health information accuracy, health information online


Introduction


The Internet, including search engines, is increasingly used as a substitute and supplement for traditional sources of
health care information and guidance for the public. More than 6 in 10 U.S. adults use the Internet to seek health
information, and the majority of them report that information they found online influenced decisions related to their
health [7]. In fact, more people are posing health questions to Google than to their doctors [1], and 46% of those who
obtain health information online never discuss this information with a doctor [10].


On one hand, the availability of health information online may lead people to be more informed and make better
decisions about their health. However, if Internet searches commonly lead to low quality information, there may
be negative effects on people’s health. For example, patients with a severe disease may decide to delay or forgo a
visit to a physician due to information obtained online, and miss the best opportunity for treatment. Patients who
find information online and overestimate their condition may feel pressure to undergo unnecessary medical tests or
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procedures. For these reasons and others, it is important to understand whether the Internet allows users to find accurate
and credible health information.


A review of 79 studies examining the quality of health information online determined that 70% of reviewed studies
find issue with quality of online health information, despite differences in methods and rigor [4]. Several methods
have been proposed for assisting consumers in assessing the quality of health information online; however there is no
agreed-upon standard for such assessment [8, 14]. Consequently, many resources are available to aid consumers in
finding accurate health information online.


One source, the not-for-profit Health On the Net Foundation (HON), has created the Health On the Net Code of
Conduct for the provision of authoritative, trustworthy Web-based medical information, and certifies sites against this
code of conduct based on request [9]. Certification criteria include the authority of included information, attribution
to sources of information, justifiability of claims, and a clear distinction of advertisements and site content, among
others. A search page is made available on the HON site that allows users to search for medical information, and only
results from sites that have been HON certified are returned.


Another resource, MedlinePlus, is a part of the US National Institute of Health [13]. MedlinePlus also hosts a
search page that allows users to search for medical information online and only returns results from trusted sources.
However, MedlinePlus does not provide a certification upon request, as does HON. Instead, MedlinePlus attempts to
choose and link to a limited number of sites that provide authoritative, but not redundant, information on medical top-
ics. Like HON, there are specific criteria that must be met by a site for it to be linked to by MedlinePlus, including the
quality, authority, and accuracy of the health content; differentiation between content and advertising; and reliability
of the other sites to which the evaluated site has links.


Despite the existence of these and other sites that direct users to health information that has been determined to be
of higher quality, it has been shown that only 27% of people who obtain health-related information online begin their
search at a health-related website, as opposed to 65% who commence their search at a popular search engine [6] (such
as Google). In the context of patients searching for health information, general search engines might not always place
the most accurate or trustworthy information in the first several positions, but rather the most visited or referenced
sites. It has been shown that people tend to limit their attention to the first page of (or even the first few) results when
using search engines [3], and that the traffic to ranked results diminishes rapidly with decreasing rank [5]. If general
search engines return low quality results on the top positions, the likelihood of patients being misled will increase.


In a previous study [11], we investigated the level of quality in results returned to users when searching a large
range of health-related terms on Google. The purpose of this paper is to provide further insights to consumers, search
engines, and policy makers by extending that work to consider the frequency with which consumers search various
terms. To do this, we will assess the proportion of quality results returned by general search engines for a typical
health-related search.


Data


Consistent with the methods of Laurent and Vickers [12], we created our data set using the list of 2,069 terms in the
health topics index of MedlinePlus as of March 9, 2011. MedlinePlus is a resource provided by the National Library
of Medicine directed at patients, not professionals in the medical field. Therefore, we expect that the terms and topics
covered by MedlinePlus will be similar to terms that consumers will use when searching online for health information.
The set includes terms divided into categories of body location/systems, disorders and conditions, diagnosis and ther-
apy, demographic groups, and health and wellness. All terms were included in our analysis, regardless of similarity
between them, as during exploratory searches it was found that Google returns different results or ranking of results
even for very similar terms.


For each term we performed a Google search using a blank profile with no history or cookies stored, and location
was set to USA to prevent inclusion of local results such as physicians’ offices. Each search returned at least 10 results
on the first page: a mixture of primary results, advertisements, and special results for images, videos, books, etc. We
included only the primary results and excluded advertisements and special results. A maximum of 10 primary results
were returned for each term, but for a small number of terms, the inclusion of special results reduced primary results
to less than 10 on the first page. In total, we obtained 20,487 results over 2,069 terms.


No objective measure of quality is available for health information online, so to measure quality we used certifica-
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tion or evaluation by the HON Foundation and MedlinePlus as a proxy. We used both sites in combination as it appears
that, while there is some overlap, the two entities tend to certify or evaluate different types of sites. For each result,
we manually extracted the domain to determine if that domain was certified or evaluated by HON or MedlinePlus as
containing high-quality information. From the 20,487 unique results, we were left with 5,249 unique domains.


For each of the domains identified, we compared the domain to a list of those found to have a certificate issued by
HON, counting each matching domain as HON certified, and therefore high-quality. As MedlinePlus only links to sites
determined to meet their criteria for quality and does not issue official certificates to the sites, we used the MedlinePlus
search feature to search for each domain to determine if such links exist. Domains for which no results were returned
were determined not to be certified by MedlinePlus, while domains with direct links returned were labeled as certified.


However for MedlinePlus, there was a third category of domains – certain searches returned links to sites which
in turn linked to the domain in question. While this may not be as strong of an indicator of quality as a direct link,
one of MedlinePlus’ stated criteria for evaluation is the reliability of the other sites to which the evaluated site has
links. Therefore being referenced by a MedlinePlus certified site may also be an indication of quality. We labeled
these domains as referenced and performed our analysis below both with and without these domains considered as
high-quality. To summarize, domains (and therefore results) were categorized as certified or not certified by HON, and
certified, referenced, or not certified/referenced by MedlinePlus.


For each of the 2,069 terms in our population, we calculated the proportion of high-quality results returned by
considering only certified results to be high-quality. This calculation was repeated considering both certified and
referenced results to be high-quality. Detailed results for this dataset using equal weighting of terms were reported
previously [11]. In the current study, we extend these results by considering the frequency with which each term
is searched by a typical user. Clearly certain terms are searched more frequently than others. For example, some
terms are more well-known or represent more common health concerns and thus are more likely to be used in health
consumers’ searches.


To determine an expected search frequency for each term, we used the Traffic Estimator tool which Google
provides to users of its AdWords service (https://adwords.google.com/o/Targeting/Explorer). The tool is meant to
assist advertisers in identifying keywords to which they would like to associate an advertisement. It provides an
estimate of the number of global monthly searches that the advertiser may expect to be made for an entered term. We
determined the global monthly searches estimated by Google for each of our 2,069 terms and used these as weights
for our analysis. For a small number of terms (134), the Traffic Estimator tool could not provide an estimate, and
these terms were excluded from weighted analysis. Additionally, we excluded the term ”sex” from our weighted
calculations, as it was an extreme outlier with regard to search frequency, with global estimated searches almost 50
times that of the next most popular term.


Analysis


The quality proportion for each term was calculated using both certified only and certified/referenced measures of
quality. These proportions were calculated using full page search results, as well as results at or above cutoff ranks 1
through 9 (for example, the proportion for cutoff 3 was calculated as the number of quality results in results ranked
1, 2, and 3, divided by 3). These proportions were the individual data points used in our analysis. We calculated the
weighted average and 95% confidence limits for these proportions (table 1).


At all levels, the weighted results are lower than the previous un-weighted results, suggesting that more popular
terms return lower proportions of quality results. However, at the page level, even using the certified only weighted
measure, the proportion of quality results returned remains at approximately 50%. An interesting trend that may
warrant further investigation is that quality proportion seems to increase much more sharply with rank when weighted
measures are considered, even though at the page level, the level of quality is similar between weighted and un-
weighted measures. This may suggest that terms which are searched more frequently have similar overall quality
proportions but tend to return lower quality in the most highly ranked positions.
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Weighted 1 Not Weighted 2


Cutoff Certified & Referenced Certified Only Certified & Referenced Certified Only
1 37.0 - 41.4 33.9 - 38.2 51.5 - 55.9 48.3 - 52.7
2 45.7 - 48.8 42.1 - 45.3 58.8 - 61.8 55.3 - 58.5
3 50.6 - 53.2 47.1 - 49.8 61.6 - 64.0 57.4 - 60.0
4 53.7 - 56.2 49.9 - 52.5 62.9 - 65.1 58.1 - 60.5
5 55.3 - 57.8 50.9 - 53.5 63.5 - 65.5 58.0 - 60.2
6 55.5 - 58.1 50.6 - 53.3 63.3 - 65.3 57.2 - 59.4
7 56.1 - 58.6 50.6 - 53.3 62.8 - 64.8 56.1 - 58.3
8 55.7 - 58.2 50.1 - 52.7 62.1 - 64.1 54.8 - 56.8
9 55.3 - 57.7 49.2 - 51.7 61.4 - 63.4 53.5 - 55.5


Page 54.2 - 56.6 47.9 - 50.4 60.4 - 62.2 52.1 - 54.1


Table 1: 95% confidence limits for mean quality proportion (%) at or above each possible rank


Discussion


In this study, we find that even when considering the disproportionate frequency with which users search for various
health-related terms, approximately half or more of first page results returned by popular search engines are high
quality. While this leaves room for improvement, severe concern that may exist among health care providers about
the general inaccuracy of health-related information online may be unwarranted. However, it does seem that highly
popular terms may produce lower quality results than less popular ones. This may be the result of search engine opti-
mization and other techniques that lower quality sites may use to increase their search ranking for popular keywords.
Alternatively, it is possible that more popular terms are those which are more familiar to the average user, and thus are
more likely to be discussed in user-generated web content, which may not be considered high quality (either in general
or by our proxies).


Regardless of the cause, this apparent discrepancy between more and less popular health search terms may be an
area of interest to those who seek to provide consumers with quality health information online. This might include
governmental or non-profit agencies, physicians, or even popular search engines themselves. Search engines usually
seek to provide the most relevant results possible, but presumably when users search for health information, they are
interested in obtaining results that are not only relevant, but accurate and trustworthy. Since health search appears
to represent a significant amount of activity online, search engines competing for customers may be interested in
increasing the quality (i.e. accuracy) of results returned for health-related terms.


Continued study of this topic is merited. Few prior works empirically investigate the quality of results in health
related search on popular search engines, although this appears to be the primary way in which users obtain health
information online. Our studies were limited in that we only considered results from Google for a single corpus of
terms. We also restricted our focus to primary results by turning off local results and ignoring special results for books,
scholarly articles, etc. Inclusion of these results in future studies would make analysis more difficult, but would also
increase realism as these results are presented to the average user with little differentiation from primary non-local
results. Future studies might also compare health-related queries over time to determine factors that influence rank of
search results. For example, it is conceivable that certification or evaluation by HON or MedlinePlus may be related to
improvements in search ranking for a site. If this were the case, sites may have more incentive to provide high quality
information in order to receive certification and boost their search engine rankings.


It is also possible that our measurement of quality proportion using HON and MedlinePlus is an underestimate of


1Weighted proportions calculated without the term ”sex,” an extreme outlier in search frequency (weight), as well
as 134 terms for which the Traffic Estimator tool provided no estimate.


2Un-weighted results reported previously in [11]
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the actual quality obtained by consumers performing health-related search. There may be high quality sites in our result
set which are not certified or evaluated by HON or MedlinePlus. Additionally, there is a distinction between quality
and relevance which this paper has not investigated. As many terms in our population may be related to topics other
than health, searches for these terms will return at least some results which may be considered as not health-relevant.
These results may be distinguished from health-relevant results which are not considered low quality. However, we
have not as of yet determined a method of systematically making this distinction and instead have considered these
results as low quality. Consumers in a realistic search situation, however, will likely be able to make this distinction,
or even alter their queries to eliminate non-relevant results. Consumers may even be able to distinguish high quality
results from low quality – for example, it has been shown that medical universities and governmental sources of online
information are trusted more than other sources such as insurance companies and community health organizations [2].
Therefore the proportion of quality information obtained by consumers online may be much higher than estimated
above.


Conclusion


This study finds that approximately half or more of first-page search results may be expected to provide accurate and
credible information in a typical consumer search for health-related information on Google. These results suggest
general search engine use will often return quality health information. That said, because search engines also return
a meaningful proportion of information that may be of lesser quality, researchers, policy makers and information
providers should continue to explore the relationship between search engine results rankings and the quality of health
information that consumers use regularly to understand many aspects of their health and healthcare.
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Abstract


This paper uses Gaussian process techniques to model time series data of HbA1c level, a common measure to monitor
or screen diabetes. The HbA1c level estimates how well blood sugar is under control. To facilitate the control of
diabetes, we develop a patient-level model to individually predict the development of the disease for each patient.
Gaussian processes represent a successful machine learning technique known for their flexible modeling abilities and
high predictive performances. This approach allows multi-dimensional inputs and assigns a confidence score to the
predictions, accounting for temporal uncertainty of time series data. The purpose of this paper is to discuss the use of
the Gaussian process technique, previously unseen in diabetes research, to monitor the development of the disease.


Keywords: HbA1c Monitoring, Gaussian Processes Regression, Time Series Analysis


1 Introduction


The hemoglobin A1c test (HbA1c) is an important blood test used to determine how well diabetes is being controlled
for patients. The test periodically measures the average amount of sugar in the blood (approximately every 90 days in
general). Monitoring the development of HbA1c test results help physicians and patients to manage diabetes and keep
the blood sugar level within the target range. Temporal analysis on the trajectory of HbA1c provides insights into how
a patient, compared to other patients, controls his or her disease. The temporal analysis also contributes to the study
of what causes the HbA1c values rise and fall. In the long term, predictive models such as the ones described here can
be used to examine the effects of different treatments on patient sub-populations using retrospective data. Therefore,
the paper is inspired by the question: Given the information of patients and the observed pattern of HbA1c test history,
how can we predict the future development of HbA1c?


In this paper, we propose a Gaussian process regression approach to model the time series for the development of
HbA1c. Scholarly work by MacKay [6] and Rasmussen [7] provided detailed discussions on Gaussian process theory.
For completeness and convenience, we introduces the basics of Gaussian Process Regression and its application on
time course data in Section 2. We describe the experimental design and the dataset in Section 3. Section 4 presents
the experimental results and Section 5 concludes the paper.


2 Gaussian Process Regression


A Gaussian process (GP) is a non-parametric stochastic process. Gaussian processes generalize the Gaussian probabil-
ity distribution, extending multivariate Gaussian distributions to infinite dimensionality (variables) [7]. We can loosely
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view a vector of infinite dimensionality as a function. A Gaussian process defines a distribution over these functions
and the inference takes place directly in function space. As a Gaussian distribution is specified by a mean vector, µ,
and covariance matrix Σ, a Gaussian process is specified by a mean function m(x) and covariance function k(x, x′).
If we denote a Gaussian distribution as: f ˜ N (µ,Σ), a Gaussian process would be f(x) ˜ GP(m(x), k(x, x′)). The
covariance function (or kernel), k(x, x′) controls how one observation relates to another. We chose an RBF kernel for
the covariance function.


Two-dimensional Gaussian Distribution 
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Figure 1: Multi-dimensional Gaussian distributions and an alternative representation


In the example of two-dimensional (bivariate) Gaussian distribution shown in Figure 1a, we observed x1 = 0.9.
Given the available two-dimensional covariance matrix and the observed x1, we obtain a distribution for x2 values
(represented in Figure 1b). We can also compute the probability mass for an observation (x1, x2) = (0.9, 0.8). It
is natural to consider extending the setting to a higher-dimensional space, such as a time series shown in Figure 1c,
where y-axis shows the readings of HbA1c and x-axis shows the dimensions in temporal order (e.g. age, sequence of
visit, or number of months since the first visit).


Time series, well exemplified by stock prices, are a sequence of data points ordered by uniform successive time
intervals. Time series analysis aims to extract meaningful temporal characteristics of the data and to predict data points
before they are measured. The HbA1c monitoring data has a natural temporal ordering, providing an appropriate
example for time series analysis. It is reasonable to believe that, in the case of HbA1c monitoring, observations close
together in time will be more closely related than observations further apart. Likewise, patients who are similar to each
other are more likely to develop equivalent patterns in time than patients who are dissimilar. In this paper, we consider
the HbA1c test results as being some function over time and use regression models to capture patterns of changes in
HbA1c. As shown in Figure 2, the trajectories of HbA1c test vary widely between different patients. In this paper, we
used Gaussian process regression to discern patterns from the noisy time series.


Gaussian process regression is motivated by the problem: given some noisy observations of a dependent variable
for some independent variable x, what is the best estimate of the dependent variable at a new value, x∗. The method
assumes an underlying process which generates “clean” data. The goal of the method is to estimate the unknown under-
lying process from a finite number of noisy observed data. Research has demonstrated the value of Gaussian process
regression on respiration signal [1], on gene relevance networks [4], and on temporal gene expression data to estimate
the expression trajectory [3, 8] and to estimate time shifts [5]. The advantage of Gaussian processes, compared to
other learning models, is the ability to capture the relationship between variables with a multi-dimensional covariance
matrix. Applying Gaussian processes in clinical studies allows us to understand how the patient demographics relate
to their medical conditions, their prescribed medications or procedures, and their lab test results.
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Figure 2: Examples of HbA1c monitoring for more than 10 years. Each line represents the HbA1c
trajectory for a patient. The time interval for each observed HbA1c reading, as shown in the graph,
varies widely between patients and even for one patient.


3 Experimental Design


We applied Gaussian process (GP) regression and Support Vector Machine (SVM) regression for the analysis of time-
series on an obfuscated1 dataset coming from a cohort of adult outpatients having diagnosis of Diabetes Type I and
Type II. The dataset captures the HbA1c readings for more than ten years and minimum personal information for 8,565
patients. To examine the effect of sparse data, we created a subset of five years (60 months) of readings, containing
1,559 patients. The format of the data presents as:


{age,race,sex,hba1c t0,hba1c t1,hba1c t2,...,hba1c t60}.


We used the Weka[2] implementation for both Gaussian Process regression and Support Vector Machine regres-
sion for the experiments. The choice of kernel is RBF for both models, using the default parameter settings from
Weka. To evaluate the two algorithms, we trained the models using the limited patient demographics and time series
from t1 to tx−1 and tested on time tx, where t1 is always the time of the patient’s first measurement. We performed
five-fold cross-validation for the evaluation and used the Mean Absolute Error (MAE) for each time (t1 ... tx) and for
each patient. To evaluate the performance for each time, we averaged the MAE for all the actual observations tested
at the time tx. To evaluation the performance for each patient, we averaged the MAE from all observed times t1 to tx
for a given patient.


We also created an interpolated dataset for the subset, in hopes of improving the similarity measure between pa-
tients that have HbA1c measurements at different time points. Missing months were filled in using linear interpolation
between readings, and with the last reading for times beyond that patient’s last visit. We used only the actual observed
data to compute the MAE for the evaluation.


1We obfuscated the data by randomly swapping values in gender and race attributes and adding a zero-mean
Gaussian number to each HbA1c reading.
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4 Experimental Results


The experiments compared Gaussian process regression to Support Vector Machine regression. The goal of the exper-
iments is to examine the predictive capability of the suggested approach and to observe the trends of the predictions.


Table 1 and Figure 3 compare the experimental results between GP regression and SVM regression. The GP
regression model outperforms SVM regression model for the 5-year interpolated data. Although GP regression has
lower performance on the 5-year non-interpolated data, the difference is small. In the setting of more sparse data such
as the 10-year data, the GP regression model still outperforms SVM regression model.


Table 1: Comparison between GP and SVM regression, using paired T-test.


Experiments GP SMO P-value
Month view (interp 5 yrs) 1.2156* 1.3334 7.698e-09
Patient view (interp 5 yrs) 1.2175* 1.3332 <2.2e-16
Month view (non-interp 5 yrs) 1.0250 1.0087* 0.01858
Month view (non-interp 10 yrs) 1.0274* 1.0343 0.02121


0 10 20 30 40 50 60


0.
5


1.
0


1.
5


2.
0


2.
5


MAE and Months


Months since the first visit


M
A
E


gp reg (interp)
smo reg (interp)
gp reg (non-interp)
smo reg (non-interp)


Figure 3: MAE comparison chart at the level of month


Figure 4 visualizes the performance for the two regression models at the level of months/time (Figure 4a) and at
the level of patients (Figure 4b). In both subgraphs, points appearing in the bottom right indicate that the GP regression
achieved lower MAE than the SVM regression. For both Figure 4a and Figure 4b, the majority of points fall to the
bottom right panel, indicating that GP regression outperforms SVM regression.


Figure 5 presents two examples of predictions at the level of patients. Both models are strong in stable patients
but weak for patients with wide fluctuation for their HbA1c tests.


4







0.5 1.0 1.5 2.0 2.5


0.
5


1.
0


1.
5


2.
0


2.
5


MAE distribution for months


MAE of SMO reg


M
A


E
 o


f G
P


 re
g


(a) MAE on months


0 1 2 3 4 5 6


0
1


2
3


4
5


6


MAE distribution for patients


MAE of SMO reg


M
A


E
 o


f G
P


 re
g


(b) MAE on patients


Figure 4: Comparison of GP and SMO regression.
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Figure 5: Examples of a good and a bad prediction for two patients.


5 Conclusion


In this paper, we applied Gaussian process regression to model and predict the time series of HbA1c readings for
diabetes patients. Gaussian processes, a successful machine learning technique known for their flexible modeling
abilities and high predictive performances, captures relationships among multi-dimensional inputs and accounts for
the temporal uncertainty of time series data. Our experimental results hold promises for using Gaussian process
regression to model HbA1c time series.


Future work will test the approach on a real enhanced dataset, including important additional information such
as patient life styles, medication records, comorbidities, and other lab tests. By separating patients by disease type
and lining them up so that t1 represents the time of diagnosis, we can more clearly discover the underlying trends
of the noisy observed data to predict the development of the disease. By including treatment information, we can
observe - and therefore predict - the effect of different medications on the course of the disease, and thereby examine
the expected effect of treatments regimens on individual patients, as well as demographic subgroups.
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Abstract


The United States’ response plan for many types of public health emergencies requires the large-scale distribution of
medical supplies to the affected populations. We discuss how this system would operate in response to an aerosol an-
thrax attack, and we present a model of the planned three echelon distribution network. One feature of the distribution
network that makes it unique from commercial systems is the existence of service capacity constraints at the lower ech-
elon clinics where individuals receive treatment. We describe several methods for making medical supply allocation
decisions and discuss how the model can be used by public health officials to assist in policy decision-making.


Keywords: emergency preparedness, emergency response, anthrax, supply chain logistics


Introduction


Public health emergencies, such as bioterrorist attacks and pandemics, require carefully coordinated logistical re-
sponses at the federal, state, and local levels to ensure that the affected populations receive care as quickly as possible.
Many types of emergencies require large-scale distribution of vaccines, antibiotics, or antiviral medication for pro-
phylaxis or treatment to minimize potential mortality and morbidity. Planning and managing distribution networks in
emergency settings are challenging tasks due to the high levels of uncertainty in the timing, scale, and location of such
events. To help policy makers address these problems, we have developed models of both the planning and operational
phases of public health emergencies which give quantitative estimates of the resources and staff required by various re-
sponse plans; show the probable consequences of dispensing network designs; and provide tools for decision-making
with limited information. In this paper we will present a planning model of the United States’ mass dispensing emer-
gency response network and discuss how the model may be used to guide policy decisions for response to an aerosol
anthrax attack, which has been identified as one of the most significant bioterrorist threats [8].


The United States Department of Health and Human Services and the Centers for Disease Control and Prevention
(CDC) created the Strategic National Stockpile (SNS), formerly the National Pharmaceutical Stockpile in 1999 to
ensure that essential pharmaceuticals and medical supplies will be available to the American population during emer-
gencies [5]. Once an emergency such as an anthrax attack has been detected, the SNS will be activated. Individuals
contract aerosol anthrax upon breathing in anthrax spores, and mortality rates for patients who inhale large quantities
of spores increase drastically after about 48 hours [11]. There is no fast method for testing whether an asymptomatic
individual has inhaled enough spores to contract anthrax, but individuals who receive antibiotic prophylaxis before
the onset of symptoms have a high likelihood of survival [11]. Thus, the CDC’s goal is to ensure that all individuals
exposed to anthrax spores begin a course of antibiotic prophylaxis within 48 hours of the decisions to deploy the SNS
[4].
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The SNS stores its inventory in multiple warehouses around the country to ensure that it can deliver an initial
shipment of antibiotics and medical supplies to any affected state within twelve hours [5]. Subsequent shipments may
be sent over time, depending on the number of people affected by the attack. Each state has at least one Receiving
Storing and Staging (RSS) warehouse, which will be opened to accept materials from the SNS and send them to
the appropriate dispensing locations. These Points of Dispensing (PODs) may be ad hoc clinics set up by state or
local health departments to distribute antibiotics to the general public, or they may be “closed” locations that serve
well-defined populations such as hospital patients, nursing home residents, or prison inmates [6].


Given the potentially severe consequences of failing to provide antibiotics quickly to exposed individuals, it is
essential that the distribution network described above operates efficiently, but managing the logistics of the response
effort is difficult. In the early phase of the emergency, supplies of antibiotics, transportation capacity, and clinic staffing
levels may be limited, so all of these resources must be used carefully. As part of the long term planning process, our
goals are to assist policy-makers in determining the effectiveness of potential distribution network design plans under
various patient arrival patterns; understanding the value of increasing various resources; and recognizing the value of
sharing information across the network. When an emergency actually occurs, we need to help planners determine how
to make decisions quickly with limited information. Public health officials need tools that will help them adjust to
uncertainty over time and make the best decisions possible given limited information.


A detailed review of emergency preparedness and response literature is presented by [2], but we will briefly explain
where our model fits in to this framework. Much of the anthrax emergency response literature has focused on long term
planning questions about the cost-effectiveness of various prevention and mitigation measures [1, 3, 20, 7, 10]. Another
stream of of literature has worked to optimize POD operations [9, 16]. Some papers have considered logistical planning
problems like facility location or the large-scale estimation of resource and dispensing capacity needs [17, 19, 21]. In
contrast, our work focuses on more detailed logistics of the emergency response network, particularly the supply chain
operations. To the best of our knowledge, the only other study that carefully models emergency supply chains is [18],
but their model is for more general emergencies and does not include some key features of the SNS supply chain.
Our model closely represents the structure and operations of the SNS supply chain; we have developed approximate
inventory allocation methodologies; and we describe how the model can assist in public health policy decision-making.


In the following sections, we formulate the planning model as an inventory allocation dynamic program and
briefly describe several solution techniques. We then discuss how modeling various network structures, decision-
making policies, and resource capacities can guide public health authorities in determining emergency preparedness
policy.


Inventory Allocation Planning Model


The antibiotic distribution network planned by the CDC and state departments of health is a three echelon supply
chain. We model the SNS as a single location, called location 0, since the SNS inventory is centrally managed, and
it is likely that during an anthrax attack only one SNS warehouse would respond. The network also contains M
RSSs (locations 1, ...,M ) and N PODs (locations M + 1, ...,M + N ). Let R = {1, ...,M} be the set of RSSs,
P = {M + 1, ...,M +N} be the set of all PODs, and L = {0, ...,M +N} be the set of all locations. The indicator
variable umn is 1 if RSS m serves POD n and 0 otherwise, and u0m = 1 for all of the RSSs, m ∈ R, since the
SNS serves each RSS. Time is divided into discrete periods. The SNS may be resupplied by external vendors over the
course of the emergency; the lead time from the vendors to the SNS is τ0 and the maximum inventory that may be
shipped to the SNS in period t is p0t . The lead time from the SNS to RSS m is τm, where τm = τ1 for all m ∈ R,
and the shipping capacity from the SNS to all of the RSSs in period t is p0t. The shipping capacity from RSS m to its
PODs in period t is pmt, and the lead time from an RSS to a POD is assumed to be less than one time period. There is
an inventory processing delay at the SNS and RSSs, so inventory that arrives to any of these locations in period t may
not be shipped out until time t+ 1. However, inventory that arrives at the PODs in period t may be used immediately
to serve patients. The number of patients that can be served at POD n in period t is limited by the available inventory,
the number of patients present, and the service capacity, ant. Because of the service capacity constraint, a POD may
have both inventory and unserved patients remaining at the end of a time period.


We will let xnt represent the echelon on-hand inventories at each location n at the beginning of period t. At the
PODs, xnt is the on-hand inventory. At an RSS m, xmt includes the inventory on-hand at RSS m plus all inventory
on-hand at PODs served by n plus inventory currently in-transit to RSS m. At the SNS, x0t is the sum of all inventory
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on-hand or in-transit to any location in the distribution network. After the inventory allocation decisions are made
and inventory is shipped in period t, the echelon on-hand inventory position increases to ynt; no returns are allowed,
so we always have ynt ≥ xnt. Note that vectors are indicated by bold font and suppressing subscripts; for example,
xt = (x0t, x1t, ..., xM+N,t). The number of patients waiting in a queue at POD n at the beginning of time period
t who arrived in previous periods but have not yet been served is qnt. The number of echelon unserved patients at
each RSS m is qmt =


∑
n∈P umtqnt, and the SNS echelon unserved patients is q0t =


∑
n∈P qnt. The number


of patients who arrive to POD n in period t is a random variable Dnt with density function fnt(·), and the echelon
demands for m ∈ {0} ∪ R are Dmt =


∑
n∈L umnDnt. For this planning model, we assume that these demands


are independent across time and locations, but we relax this assumption in our operational models which consider
costs incurred over shorter time horizons [13]. In time period t′, the demands for periods t = 1, ..., t′ − 1 have been
realized, and we represent these values by dn1, ..., dn,t′−1. The cumulative demand at location n for periods t1, ..., t2
is dn,t1,t2 =


∑t2
t′=t1


dnt′ .


Inventory allocation decisions yt must be made before the new patient demands are observed in each time period.
These decisions are constrained by the available on-hand inventory at SNS and RSSs at the beginning of each period
and by the shipping capacities. The on-hand inventory at location m ∈ {0} ∪ R in period t is given by the inventory
that was shipped to location m one lead time ago, less the patients that were served in the interim plus the patients still
waiting at the PODs downstream from m, less the inventory that is currently on-hand downstream:


On-hand inventory at m at the beginning of t = xm,t−τm − qm,t−τm − dm,t−τm,t−1 + qmt −
∑
n∈L


umnxnt. (1)


Notice that calculating the on-hand inventory level requires knowing past values for the echelon on-hand inventories,
unserved patients, and patient demands. Define xpast


t = (xt−τ0 , ...,xt) to be the vector of past on-hand echelon
inventory values and define qpast


t similarly. The vector of past demands is defined similarly, but it does not include
Dt, since this value is not yet known at the beginning of period t. Using these variables, we can state the set of feasible
inventory allocations in time period t:


Ut(xpast
t ,qpast


t ,dpast
t ) =


{
yt : ynt ≥ xnt for n ∈ L;∑


n∈L
umn(ynt − qnt) ≤ xm,t−τm − qm,t−τm − dm,t−τm,t−1 for m ∈ {0} ∪ R;∑


n∈L
umn(ynt − xnt) ≤ pmt for m ∈ {0} ∪ R;


y0t − x0t ≤ p0t
}
. (2)


The model considers two types of costs: inventory holding costs and patient delay penalties. The inventory holding
costs are linear in the number of unused units of inventory on-hand at each location at the end of each time period.
However, linear costs are not appropriate for patient delay penalties. A few extra patients waiting to be served at the
beginning of the next period are not problematic for POD operations, but as the number waiting grows larger, crowd
management could become a serious challenge. Hence, we use patient delay penalties that are convex and increasing
in the number of unserved patients at each POD at the end of each period. We let hnt be the per unit holding cost
charged at location n at the end of period t andBnt(·) be the penalty function for unserved (or “backordered”) patients.
At the end of time period t, the inventory on-hand at POD n is ynt minus the number of patients served during the
period, and the number of unserved patients is given by qnt plus the new demands less the number served. The number
of people served in period t at POD n is


Snt(ynt, qnt, Dnt) = min(ynt, qnt +Dnt, ant). (3)


At the SNS and the RSSs, the remaining inventory that is either on-hand or in-transit is given by expression (1) plus
the new allocations less the inventory sent to lower echelons. So the total expected cost expressions for the end of
period t are
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Cnt(ynt, qnt) = E


[
hnt


(
ynt − Snt(ynt, qnt, Dnt)


)
+Bnt


(
qnt +Dnt − Snt(ynt, qnt, Dnt)


)]
for n ∈ P; (4)


Cmt(ym,t−τm ,yt) = hmt


(
ym,t−τm − qm,t−τm − E[Dm,t−τm,t−1]−


∑
n∈L


umn(ynt − qnt)
)


for m ∈ {0} ∪ R. (5)


The last allocation decision that affects the cost incurred at location n in period t+ τn is made in period t. Costs
incurred at location n before time τn+1 are unavoidable fixed costs. Since there are no decisions that we can make to
mitigate the fixed costs, we will define a slightly different cost function that does not include these costs. Our modified
cost function C(·) will evaluate the consequences that a set of decisions yt made in time t will have on the future. We
define C(·) as follows:


C0t(y0t, q0t) = h0,t+τ0(y0t − q0t)− h0,t+τ0E[D0,t,t+τ0−1]; (6)
Cmt(ymt, qmt) = (hm,t+τ1 − h0t)(ymt − qmt)− hm,t+τmE[Dm,t,t+τm−1] for m ∈ R; (7)
Cnt(ynt, qnt) = Cnt(ynt, qnt) for n ∈ P; and (8)


Ct(yt,qt) =


M+N∑
n=0


Cnt(ynt, qnt), (9)


where hnt = 0 and Dnt = 0 for t > T and n ∈ L.


During an emergency scenario, the goal of public health officials in time period t would be to make allocation
decisions that minimize the holding costs and unserved patient penalties for the remainder of the time horizon. We
model that decision process as a dynamic program whose value function is


Vt(x
past
t ,qpast


t ,dpast
t ) = min


yt∈Ut(xpast
t ,qpast


t ,dpast
t )


Ct(yt,qt) + E
[
Vt+1(x


past
t+1 ,q


past
t+1 ,d


past
t+1 )


])
. (10)


Solving problem (10) would allow us to make the best possible allocation decisions in period t. We can then run
computer simulations in which we make these decisions to explore the consequences of various anthrax scenarios and
different constraints on the antibiotic dispensing network. However, due to the curse of dimensionality, we cannot
solve problem (10) exactly for realistically large data sets. Instead, we consider three methods for making allocation
decisions, which we describe briefly below; for more details see [12].


1. Truncated Cumulative Approximation (TCA) Method. Problem (10) is easier to solve if we consider only
a truncated time horizon rather than considering every future time period through T . In time period t, we can
make decisions that minimize only the expected costs for periods t, t + 1, ..., t + k. If we consider too few
time periods (k is too small), then we will fail to capture the impact that inventory ordering decisions at the
upper echelons will eventually have on service levels and unserved patient penalty costs at the PODs. To ensure
that our decisions are reasonable, we must have k ≥ τ0 + τ1 + 2. We further reduce the complexity of the
problem by estimating the cumulative number of people served over time using the minimum of the cumulative
available inventory, service capacity, and demand. This gives an upper bound on the actual number of people
served during that time period, and this approximation simplifies the truncated problem sufficiently so that we
can solve it in each time period.


2. Lagrangian Relaxation and Decomposition (LRD) Method. Instead of truncating problem (10), we can
use Lagrangian relaxation to simplify the structure of the problem. The new problem can be decomposed by
location into M +N +1 single variable dynamic programs, each of which is straightforward to solve. Solving
the dynamic programs for a wide range of possible state variables provides an estimate for the value function
for every possible state. Then, in each time period t, we can replace the expected future cost with the estimated
value function. This method is an extension of the methods presented in [14, 15].
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3. Fair Share Method. The current method that public health officials plan to use for inventory allocation is
called the “fair share” method. In this method, inventory is dispensed based on population. In each time
period, the available inventory at the upper echelons is pushed out based on the population that each region is
expected to serve. The inventory allocation does not depend on the actual demands that are observed over time;
decisions only depend on the total population that is expected to arrive over the time horizon.


For various simulated disaster scenarios and response networks, we make decisions using these methods. The
simulations are straightforward; in each time period we make allocation decisions based on the state of the system,
then randomly generate patient demands and calculate the resulting costs and updated state variables. We continue this
over the entire time horizon and then repeat the whole process multiple times, with different random demand drawn
from the same distributions to obtain a confidence interval for the cost of using a particular allocation method for a
particular set of emergency parameters and a given dispensing network. The relative success of these three methods
is described in detail in [12], but we note that the costs incurred by the Fair Share Method are at least twice the costs
incurred by the first two methods (TCA and LRD) in approximately 80% of demand scenarios considered. The TCA
and LRD methods provide comparable performance (costs within 20%) under about half of the scenarios run. In the
remaining scenarios, the LRD method performs better when demand varies significantly and the TCA performs better
in scenarios when the demand distributions are closer to being stationary. In the following section, we will describe a
couple examples of how the model and solution methods described can be used to assist policy-makers.


Policy Implications of the Model


As we have mentioned earlier, this model is intended to be a tool that allows public health officials to explore the
performance of different distribution network structures and the relative value of different resources. Policy-makers
can test the relative value of investing limited funds in stockpiling inventory, increasing staffing levels, or adding trans-
portation capacity by changing these parameters and running the simple simulation we described above to determine
the costs associated with each scenario. They can investigate the relative improvements in patient delays given in-
creases in each of these capacities. They can also obtain confidence intervals for the total inventory, staff time, and
transportation capacity that may be required under a variety of anthrax attack scenarios.


The model can be used to address questions about the topology of the dispensing network. There is significant
political pressure on policy-makers to open more PODs to ensure that all neighborhoods are equally well-served and
the distribution network appears “fair.” We can use the model to help policy makers explore the potential consequences,
in terms of patient delays and inventory costs, of constructing fewer larger PODs compared to many smaller PODs. It
is essential to ensure that all people are able to reach the PODs in a manner that is not overly burdensome, but opening
excessive numbers of PODs would certainly decrease the efficiency of the distribution network since staff and initial
shipments of antibiotics are limited. Our model provides quantitative evidence to support the need for a moderate
number of larger PODs in an anthrax response scenario, since the number of people to be served will be large and the
length of the time horizon will be very short. Requiring individuals to travel slightly farther for service in some cases
could save lives.


We offer significant reasons for public health authorities to invest in command and control infrastructure. A strong
command and control system would allow the New York City area to share staff between PODs, so that staffing levels
can vary over time in response to patient demand. We can show that the same total staffing capacity in the system
can provide much better service if the staffing levels at each POD can be adjusted periodically. Also, a command
and control system that supports detailed inventory information sharing allows for much more intelligent inventory
allocation. We show that the Fair Share Method described above wastes large quantities of inventory and creates
unnecessarily large patient delays compared to the TCA and LRD methods. Since there is also political pressure to
divide inventory by population rather than need, the quantitative evidence provided by our model can help support the
decision to use resources more efficiently and show that this will provide much better service for all patients.
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Abstract 


This research presents a new approach for real-time simulation of heart dynamics where the real-time 


electrocardiogram (ECG) measurements are used as external activation. The model uses lumped mass 


nonlinear differential equations to capture the coupled mechanical and physiological actions of the heart 


chambers, valves, pulmonary and systemic blood circulation loops. The model parameters are estimated 


online from the ECG features. The model was implemented in Matlab/Simulink environment and tested 


using signals in MGH/MF Waveform Database from Physionet. The results show that the model was able 


to discern the effect of variations in the time and frequency patterns of central venous pressure, 


pulmonary blood pressure, and respiratory impedance. The model-derived signals correlated well (R
2
 


~0.78) with the actual hemodynamic signals. These findings support the suitability of developing a virtual 


instrument platform where the model-derived signals (presented appropriately) can be used for clinical 


diagnosis in lieu of expensive instrumentation. 


Keywords:model parameter estimation, activation functions, cardiovascular model, virtual instrument 


cardiovascular healthcare. 


 


1. Introduction: 


Cardiovascular diseases are presently the primary cause for human mortality, accounting for 33.6% (813 


,804 out of 2,423,712) of all deaths in 2007[1]. According to American Heart Association [1] the nation 


spends approximately $286.3 billion towards diagnostics and treatment of these disorders. Typical 


medical instrument suite for cardiovascular diagnosis costs from $18,000 to $27,000 per patient. A virtual 


instrument along the lines of that used in engineering system (e.g., SCADA) would immensely address 


this healthcare cost and affordability issues.  


Thrusts towards virtual instrument have enhanced the impetus for quantitative understanding of the 


complex interactions among electrical, mechanical and chemical processes taking place at cellular 


through systematic levels constituting the cardiovascular dynamics. The present study uses a lumped 


parameter model to relate the state of the cardiovascular system with the online ECG signal. Analogous to 


mechanical system analysis, it uses a single channel of ECG to generate a diverse set of virtual heart 


signals (e.g., other ECG leads, pressure, volume, respiratory impedance). The model combine Guyton’s 


seminal workand heart valve dynamics model of Korakianitis and Shi [2] with real-time ECG signal 


events as the activation functions. 
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The contributions of the present approach emerge from the method used for the development of 


activation functions that relate the measured ECG signals with the functions of various aspects of 


cardiovascular processes. The earlier investigations have focused on capturing the qualitative, group 


characteristics of elastance. In this research, the elastance e(t) is developed  based on the individual ECG 


signal. As ECG can express cardiac features that are unique to an individual’s cardiovascular system [3], 


the elastance functions developed from ECG can capture the effects of physiological differences among 


individual cardiovascular systems in the model. The temporal events of the recorded ECG and ECG-


extracted respiratory signal of every individual were used to estimate the elastance function in real-time. 


The ECG-based activation function then was used to drive the cardiovascular model. In addition, the 


paper suggests a model adaptation and parameter estimation method to capture the various mechanisms of 


heart dynamics so that real-time rendering of the heart signals from the measured ECG is facilitated. The 


experimental investigations suggest that the model can capture the salient time and frequency patterns of 


the measured hemodynamic signals. The remainder of the paper is organized as follows. Section 2 


presents the formulation of the activation functions, parameter tuning procedure, and the mathematical 


model of the cardiovascular system. Section 3 describes the implementation of the heart model, results of 


parameter estimation, and the comparisons of model outputs with measured data. Further discussions on 


the model and its applications, as well as conclusions are presented in Sections 4 and 5. 


2. Research approach: 


Fig.1 presents our approach to formulate the activation function and develop ECG-driven lumped 


parameter model of cardiovascular dynamics. The model captures the coupled dynamics of the heart 


chambers, heart valve, pulmonary and systemic circulation using activation function derived from the 


measured ECG signals. The modeling approach consists of the following modules: (1) Data collection, (2) 


ECG-based activation function, (3) Parameter estimation, (4) Heart model.  


 


Figure 1: Summary of the virtual simulation cardiovascular model 


The details of the modeling method including the generation of activation functions, model parameter 


estimation, and the development of the simulation model are provided in the following sections. 


2.1. ECG-based activation function: 
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First a band-pass filter with a pass-band in the range of 0.06-40Hz was employed to remove the identified 


noise, artifacts, base-line wandering and kept the critical features for ECG fiducial point extraction. Next, 


anamplitude demodulation method [4] was implemented to extract the respiration signal from ECG. The 


phase space method [5] was used to extract fiducial points of P, T waves and QRS complex in an ECG 


signal. The phase space method tends to be robust for extracting the critical points including the peaks, 


onset and offset of P, T, QRS complex of ECG signal under both steady and transient conditions [6].  


The present cardiovascular model uses the combination of atrial and ventricular activation to describe the 


elastance, known as the nature of relationship between the pressure (P) and volume (V) of the four heart 


chambers. According to Chung et al.[7], a curvilinear relationship exists between P and V at end-diastolic 


volume (EDV) and end-systolic volume (ESV) events. Therefore, the elastance can be approximated by 


trigonometric functions at the EDV and ESV events. The EDV event time is taken as the Q peak and ESV 


as the S peak of ECG signal. Thus, the ECG fiducial points can be used to formulate the activation 


functions for the ventricular and atrial dynamics follows. 


 DiaAct (t )= 


0                          0 ≤t ≤T1


sin  
π t -T1 


 T2-T1 
 T1 ≤t ≤T2


0                        T2 ≤t____   


    (1)  


 SysAct (t )=  


0                              0 ≤t ≤T3


sin  
π t -T3 


 T4-T3 
 T3 ≤t ≤T4


0                             T4≤t____   


  (2)         


 VenFunc t   = SysAct(t ) + α Resp(t ) (3) 


 AtrFunc(t ) = DiaAct(t ) + α Resp(t ) (4) 


Where T1 is the instant at the onset of P peak in measured ECG, T2 the Q peak, T3 the R peak,T4 the 


offset of T and  Resp(t) is the extracted respiratory signal from ECG.  


2.2. Cardiovascular Model: 


Four sets of differential equations were used to capture the dynamics of the four heart chambers formed 


by right (pulmonary) and left (systemic) sides of   ventricular and atrial parts of a heart, respectively. For 


example, the dynamics of left ventricle volume (Vlv) and pressures (Plv) are given by: 


 
dVlv


dt
 = CQ


ao
 Nao |Plv,0+ elv Vlv - Vlv,0 -Psas| (5) 


 𝑃lv =  𝑃lv ,0 + elv (𝑉lv − 𝑉lv ,0) (6)  


Where 𝑁ao   is used to define the blood flow rate and valve interaction effect and decided by the angular 


position of the aortic valve leaflets as: 


 𝑁ao =
(1−cos θao )2


(1−cos θmax ,ao )2 (7) 


The elastant functions for the ventricles and atria are given based on the ECG-derived activation functions 


Eq. (3) and Eq. (4) as: 


 𝑒𝑙𝑣(𝑡) = 𝑒𝑟𝑣(𝑡)  =  VenFunc(𝑡) (8) 


 𝑒𝑙𝑎  𝑡 = 𝑒𝑟𝑎  𝑡 =  AtrFunc 𝑡  (9) 


Aortic valve dynamics is expressed as: 


 
d2𝜃


d𝑡2 =  
 𝑃lv − 𝑃sas  Kp,ao cos𝜃 − Kf,ao


d𝜃


d𝑡
+ Kb,ao𝑄ao cos𝜃 − Kv,ao𝑄ao sin𝜃,      𝑄ao ≥ 0


 𝑃lv − 𝑃sas  Kp,ao cos𝜃 − Kf,ao
d𝜃


d𝑡
+ Kb,ao𝑄ao cos𝜃 − Kv,ao𝑄ao cos𝜃, 𝑄ao < 0


  (10) 


The systemic pressures and flowrates are given by: 


 
dPsas


dt
=


Qao-Qsas


Csas
 (11) 


 
dQsas


dt
=


Psas-Psat-RsasQsas


Lsas
 (12) 
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dPsat


dt
=


Qsas-Qsat


Csat
 (13) 


 
dQsat


dt
=


Psat-Psvn- Rsat+Rsar+Rscp Qsas


Lsat
 (14) 


 
dPsvn


dt
=


Qsat- Qsvn


Csvn
 (15) 


 Q
svn


=
Psvn-Pra


Rsvn
 (16) 


 


The pulmonary loop is developed similarly to that of the systemic loop with change in values of system 


parameter values. Altogether, the cardiovascular process dynamics was expressed in terms of 


deterministic nonlinear different equations with the parameters and activation function determined from 


the measured ECG signals. 


3. ECG-based parameter estimator: 


 
Figure 2: Summary of ECG-based parameter estimation method for virtual cardiovascular model 


Physiological parameters in the cardiovascular system are very difficult to measure and verify due to the 


complex invasive measuring procedures and the physiological differences of individuals. To improve the 


model accuracy we developed a parameter estimation method that uses the ECG features as the predictor 


variables. Compared to conventional parameter selection methods [8-9], this method adaptively estimates 


the model parameters responding to the real-time changes in ECG signals. The parameter estimation 


procedure shown in Fig. 2 consists mainly of parameter tuning and ECG parameter estimation. 


 3.1. Parameter tuning: 


The purpose of tuning of the model parameters isto determine an optimized model parameter set that 


minimizes the mean square error between thesimulation model outputs and the reference signals. Here, 


the model estimated pulmonary vein pressure (Ppvn), left atrium pressure (Pla) and right atrium pressure 


(Pra) are referenced to the measured respiratory signal, pulmonary pressure, and central venous pressure, 


respectively. A global optimization-based pattern search algorithm is used to find a set of parameters 


which minimize the mean square error between the model output and the real measurements.The 


optimization problem for pattern search is formulated as follows: min 𝑓(𝑥)𝑥∈Ω  where 𝑓:𝑹𝑛 → 𝑹 with 


𝛺 = {𝑥𝜖𝑹𝑛 : 𝑙 ≤ Ax ≤ 𝑢} where Aϵ𝐐𝑚𝑥𝑛  is a rational matrix, and 𝑙 < 𝑢. Pattern search algorithms for 


constrained minimization generate a sequence of iterates{𝑥𝑘}  in  𝑹𝑛  with objective function values 𝑓𝛺. 


Each iteration consists of two phases: an optional search and a local poll. In the search step the objective 


function is evaluated at a finite number of points on a mesh   𝛥𝑘 > 0.   If 𝑓𝛺(𝑥𝑘+1) < 𝑓𝛺(𝑥𝑘)then the 


search is successful and 𝑥𝑘+1 is set to be an improved mesh point and the mesh coarsened to start a new 


search; otherwise the poll step is invoked. The objective function at the neighboring mesh points are 


evaluated to see if a lower function value can be found there. If no improved mesh point is found the 


mesh is refined as 𝛥𝑘+1 = τΔ𝑘  where 𝜏 > 1. The poll set now is updated as 𝑀𝑥 = {𝑥𝑘 + 𝛥𝑘+1𝑑:𝑑 ∈ 𝐷} 
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where D is the positive spanning set in𝑹𝑛 . If the search and the poll step can find an improve mesh point 


𝑓𝛺(𝑥𝑘+1) < 𝑓𝛺(𝑥𝑘) then increase mesh size 𝛥𝑘+1 > Δ𝑘 , otherwise, set 𝛥𝑘+1 < Δ𝑘 , increase 𝑘 ← 𝑘 +
1and continue with the search and poll steps. The pattern search algorithm would ultimately converge to a 


global optimum [10-11]. 


3.2. ECG-based parameter estimation model: 


Empirical multiple regression model for prediction of cardiovascular system model parameters is 


developed. Ascertain ECG expressed cardiac features that are unique to individual, we used these features 


to derive the cardiovascular parameters that characterize for the physiological basics of the cardiovascular 


system. Here, The ECG events were extracted via phase space analysis. The other 15 ECG features 


include the means of P, QRS, T wave amplitude, the sample averages and standard deviations of RR, PR, 


ST, QT intervals, ST profiles, and systolic-diastolic differences. It may be noted that components that 


comprise the ECG waveform represent the sequences of depolarization and repolarization resulting from 


the action potential propagation through the cardiac muscle cells. The P wave amplitude is the 


measurement of electrical potentials generated when the atria are depolarized and the QRS complex 


comprises the potentials generated when ventricles depolarize. The duration between the beginning of a P 


wave and the beginning of the QRS complex represents the time interval between of atrium and 


ventricular excitations.  After depolarized, the heart returns to a rest stage through the repolarization 


process marked by T wave in the ECG signal. The amplitudes and the intervals between P, QRS and T 


features characterize for the atrial and ventricular contraction levels known as the major affects causing 


the changes of pressure and volume within the heart chambers and blood vessels [12].  In addition, the 


interval difference of ST-PR, QT-PR are extracted to estimate the difference between diastole and systole, 


necessary for tracking the elastance changes of the heart chambers,.  


We consider a multiple linear regression model 𝑌 = 𝑋𝛽 + 𝜖, where 𝑌 is an 𝑛 x 1response variable 


vector (model parameters), 𝑋 is an 𝑛 x 𝑝 full-column rank matrix predictors (ECG features) , 𝛽 is a 𝑝 x 1 


vector of unknown coefficients to be estimated, and 𝜖is an independent random variables. It may be noted 


that many of the features contain redundant information, and each of the model parameters tends to more 


sensitive to a different set of the ECG features. In order to address this redundancy and diversity of the 


relationships between the model parameters and ECG features we used principal component analysis 


(PCA) followed by a stepwise regression process for parameter estimation.The estimates of  𝛽 minimize 


the sum squares of the deviations of the observed 𝑌 from the values 𝑌  predicted by the model. The 


predicted value coefficient values were estimated as 𝛽 = (𝑋𝑇𝑋)−1𝑋𝑇𝑌, with the variance var 𝛽  =


𝜎2 𝑋𝑇𝑋 −1, and  𝑌 = 𝑋𝛽 . In a regression model, we often havemore𝑋’s than needed for predicting Y. 


Some of them may be redundant and can be discarded. Backward stepwise approach [13] is used for 


variable selection. The selection procedure begins with considering all variables in the model and deletes 


sequentially one at a time. The partial F-test for each variable in the presence of the others is conducted, 


and the variable with the least𝐹value is eliminated. The overall regression hypothesis testing can be 


expressed as 𝐻0:𝛽 = 0with the test statistic 𝐹 =
(𝛽 𝑋𝑇𝑌−𝑛𝑌


_
2)/𝑝


𝑌𝑇𝑌−𝛽 𝑋𝑇𝑌/(𝑛−𝑝−1)
following the distribution𝐹𝑝 ,𝑛−𝑝−1. 


We reject 𝐻0 if p-value of the 𝐹𝑝 ,𝑛−𝑝−1< 0.05. The stepwise procedure is continued until the smallest F 


with p-value < 0.05 is reached.  


4. Implementation Details and Results: 
The model was implemented in Matlab/Simulink environment. The implementation consisted of four 


main subsystems: heart chambers, valves, systemic circulation and pulmonary circulation.The heart 


chambers included left ventricle, right ventricle, left atrium and right atrium, which were activated by the 


ECG-based activation functions. The heart valves were considered as concentrated components and 


governed by the derivations of various forces acting on the valve leaflets. The systemic and pulmonary 


circulation loops were separated into 3 blocks including veins, aortic sinuses and the arteries. Venous 


blocks comprised of veins, arterioles and capillaries. Two ECG-based activation functions VenFunc(t) in 


Eq. (3) and AtrFunc(t) in Eq. (4) excite the ventricles and the atria. The activation function values 
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determined from recorded ECG data, along with the corresponding time stamps were input to the 


simulation model as the signal source blocks. The sample time of the signal sources and the model were 


matched so that the outputs of the model were synchronized with the input ECG signal. The simulation 


runtime was 60 seconds and the model reached steady state after 7 seconds. Therefore, we studied the 


data statistics after a 10 sec “initial warm-up”. The outputs of the model included the profiles of the 


pressure, volume, flow rate from heart chambers, pulmonary and systemic circulations. 


Principal component analysis (PCA) was performed to reduce the statistical redundancy between the 


high dimensional ECG features without significant loss of information of total.The first four components 


could explain 78% of the data variance and were considered for further study. Table 1 shows the 


contributions of each feature in the four loading principal components. The larger the coefficients the 


higher the contribution of that feature to the variation along that eigen direction. It is evident that all 


except RR standard deviation and ST-PR have contributed to one of the leading components. These 13 


significant ECG features were used for stepwise regression. 


Table 1: Contribution of ECG features to the first four principle components 


No Feature Comp1 Comp2 Comp3 Comp4 


1 R AmpAvg -0.0287 0.3599 -0.1023 0.2739 


2 PAmpAvg -0.2561 0.2574 0.0030 -0.4099 


3 TAmpAvg -0.0971 0.3538 -0.0828 0.3729 


4 RRAvg 0.3102 0.1509 -0.2517 -0.0062 


5 PRAvg -0.0970 0.1178 -0.0409 -0.4485 


6 STAvg 0.4195 0.0492 0.0685 -0.2110 


7 QTAvg 0.4193 0.0344 0.1101 -0.2358 


8 RRStd -0.0280 0.1631 0.0853 -0.2737 


9 PRStd 0.2783 0.1705 -0.1158 0.3995 


10 STStd 0.0452 -0.1076 -0.6487 -0.1122 


11 QTStd 0.0482 -0.1040 -0.6511 -0.1061 


12 ST-PR 0.2324 -0.0178 0.0840 0.0465 


13 QT-PR 0.4405 -0.0232 0.1229 -0.0102 


14 STArea -0.0070 0.5390 0.0509 -0.0170 


15 STAreaStd 0.0556 0.5191 -0.1036 -0.0604 


Next, the pattern searching method was used to tune the parameters retaining to elastance (Elvs, Elvd, 


Ervs, Ervd), offsets and gains of chamber pressures (ResGain, ResOff, PatGain, PatOff, CVPGain, 


CVPOff) and the coupling α to capture the respiration effect on cardiovascular dynamics. The tuned 


parameters were regressed with ECG features so that real-time adaptation can be facilitated. The Table 2 


shows the significant predictive variables and the coefficient vector of the parameter estimation model. 


All p-value were <10
-3


. 


Table 2: Regression coefficients of the parameter estimation model 


No 


ECG 


Features 
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P
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R2 


1 PatGain 9.34     -2.16   -0.22 0.7     0.94 


2 PatOff 2.25  0.38 0.39 0.68          0.88 


3 ResOff -0.48     0.25  -1.51       0.89 


4 CVPGain -3.55      0.81   -0.08 0.71  5.41  0.95 


5 CVPOff 10.51 1.14          -7.26   0.85 


6 ResCof 5.48   0.416       1.87  0.248 -1.48 0.94 


7 Elvs 0.57    1.77   2.36     0.15 0.24 0.96 


8 Ervs 1.81    8.79   1.29   0.94  1.86  0.9 


9 Elvd 0.62  0.17       1.31  -0.27  0.41 0.95 


10 Ervd 0.06 0.14 0.005       0.17  -0.13   0.89 


Subsequently, we compared the salient features of the cardiovascular systems extracted from the 


model outputs with the real measurements. The following combinations of signals were compared: 







7 
 


i) Heart chamber pressure and volume with ideal profiles [12] ii) Right atrium pressure (𝑃ra )  from the 


model with the central venous pressure (CVP) from real measurement  iii) Pulmonary blood pressures 


from the model (𝑃pat ) and from real measurement (PAP) iv) Pulmonary vein pressure from the model 


(𝑃pvn ) with the respiratory impedance from the real measurement. 


Figs.3 shows the absolute values of pressure (plot (a) of the figures) and volume (plot (b) of the figures) 


of left chambers and right chambers, respectively. The figures indicate that the absolute value profiles 


match well with the geometric features of ideal profiles [12]. For the left ventricle (Fig.3), the pressure 


ranges from 0 to 125 mmHg and volume varies from 70 to 130 ml which are in the normal range of heart 


pressure and volume. Furthermore the shape of the pressure and the volume were comparable with those 


of ideal profiles [12]. 


 
Figure 3: Pressure (P) and Volume (V) of left atrium (la) and left ventricle (lv). 


Fig. 4 describes the central venous pressure and the right atrium pressure in time domain and 


frequency domain respectively. It is observed that the model output agree well with the measurement. In 


time domain, the right atrium pressure output captures the signal shape variations and trends of the 


recorded central venous pressure signals. In frequency domain, right atrium pressure is compatible with 


the spectrum of right atrium pressure in both frequency and power spectrum. Comparison of the 


pulmonary pressures, respiratory impedance and pulmonary vein pressure are shown in Fig.5  


 


 


 


 


 


 


Figure 4: Central Venous Pressure (CVP) and right atrium pressure (𝑃ra )in time and frequency domain  


 


 


 


 


 


 


Figure 5: Pulmonary arterial pressure (a) and respiratory impedance vs pulmonary vein pressure (b)  


To have a quantitative assessment on the correlations between the signals from the model and from 


the real measurements (pulmonary vein pressure VS respiratory signal, pulmonary pressure VS 


pulmonary arterial pressure, right atrium pressure VS central venous pressure) the correlation coefficient 


and R square are calculated. Cross validation has been used to test the accuracy of the model. We 


(a) (b) 
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randomly partitioned the dataset into 10 subsets. For parameter estimation, we removed one subset of the 


data for testing and use nine training subsets to build the parameter regression model. For model 


validation, the ECG features of the removed subset are used to estimate the parameters to run the model. 


This process is repeated 20 times and Table 4 shows the mean correlation coefficient and R square of the 


outputs from model and the signals from the real measurements. By using cross-validation technique we 


can access the accuracy of the model with an independent data set. 


Table 4: Comparison between model output and real measurement 


Signals 
Correlation  


Coefficient 
R2 


Pulmonary vein pressure  


Respiratory signal 
0.76 0.78 


Pulmonary pressure 


Pulmonary pressure 
0.58 0.61 


Right atrium pressure 


Central venous pressure 
0.65 0.68 


 


5. Conclusions: 


This paper has presented an approach for real-time simulation of heart dynamics using a single channel 


ECG as the input. The outputs of the model including right atrium pressure (Pra), pulmonary artery 


pressure (Ppat) and the pulmonary vein pressure (Ppvn) were consistent with the actual recordings in both 


time and frequency domains.  


The output of the models can be used to analyze the dynamics of the hearts by solely using ECG 


input. In this paper, only ECG signals were used to generate the outputs of the model. The heart 


parameters such as atrium pressure, chamber volume or the opening angle of the heart valve require 


invasive or expensive medical instruments. The model serves as a virtual instrument where outputs, 


including the pressure, volume, blood flow rates, and heart valve opening angles from the model can 


approximate the real measured values. Such real-time model can offer the advantages of cost efficiency 


and time saving. 


The research is among the initial efforts to use-ECG to form the activation functions for 


cardiovascular dynamic models. The close matching of the time and frequency domain characteristics of 


the model outputs and the real data suggests the viability of ECG as the activation source for the 


cardiovascular model development. The model helps us gain some quantitative assessment of underlying 


couplings between heart dynamics and ECG signal.  
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Abstract


We propose a statistical modeling technique, called the Hierarchical Association Rule Model (HARM), that predicts
a patient’s possible future medical conditions given the patient’s current and past history of reported conditions. The
core of our technique is a Bayesian hierarchical model for selecting predictive association rules (such as “condition 1
and condition 2→ condition 3”) from a large set of candidate rules. Because this method “borrows strength” using
the conditions of many similar patients, it is able to provide predictions specialized to any given patient, even when
little information about the patient’s history of conditions is available.


Keywords: Hierarchical Bayesian Modeling, Association Rules, Healthcare, Personalized Medicine


Introduction


The emergence of large-scale medical record databases presents exciting opportunities for data-based personalized
medicine. Prediction lies at the heart of personalized medicine and in this paper we propose a statistical model
for predicting patient-level sequences of medical conditions. We draw on new approaches for predicting the next
event within a “current sequence,” given a “sequence database” of past event sequences [10, 11]. Specifically we
propose the Hierarchical Association Rule Model (HARM) that generates a set of association rules such as dyspepsia
and epigastric pain→ heartburn, indicating that dyspepsia and epigastric pain are commonly followed by heartburn.
HARM produces a ranked list of these association rules. Built-in explanations represent a particular advantage of the
association rule framework—the rule predicts heartburn because the patient has had dyspepsia and epigastric pain.


In our setup, we assume that each patient visits a healthcare provider periodically. At each encounter, the provider
records time-stamped medical conditions experienced since the previous encounter. In this context, we address pre-
diction problems such as: (i) given data from a sequence of past encounters, predict the next condition that a patient
will report; (ii) given basic demographic information, predict the first condition that a patient will report; (iii) given
partial data from an encounter (and possibly prior encounters) predict the next condition.


Though medical databases often contain records from thousands or even millions of patients, most patients experience
only a handful of the massive set of potential conditions. This patient-level sparsity presents a challenge for predictive
modeling. Our hierarchical modeling approach addresses this challenge by borrowing strength across patients.
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This work extends that of Rudin et al. [11] who formalized sequential event prediction and used a non-hierarchical
association rule algorithm. Dumouchel and Pregibon [6] also presented a Bayesian analysis of interesting item sets
(which could be extended to rules); their method did not address sequential data.


Generally speaking, HARM yields a prediction algorithm for sequential data that can be used for a variety of additional
applications. The algorithm can be used as a recommender system (e.g., for vendors such as Netflix or amazon.com).
It can be used to predict the next move in a video game in order to design a more interesting game, or it can be used to
predict the winners at each round of a tournament (e.g., the winners of games in a football season). These applications
possess the same basic structure as the condition prediction problem: a database consisting of sequences of events,
where each event is associated to an individual entity (medical patient, customer, football team). As future events
unfold in a new sequence, we use the set of past events to predict the next event.


Association rule mining and Bayesian inference


This work presents a new approach to association rule mining by determining the “interestingness” of rules using a
particular (hierarchical) Bayesian estimate of the probability of exhibiting condition b, given a set of current conditions,
a. We will first discuss association rule mining and its connection to Bayesian shrinkage estimators. Then we will
present our hierarchical method for providing personalized condition predictions.


An association rule in our context is an implication a→ b where the left side is a subset of conditions that the patient
has experienced, and b is a single condition that the patient has not yet experienced since the last encounter. Ultimately,
we would like to rank rules in terms of “interestingness” or relevance for a particular patient at a given time.


Two common determining factors of the “interestingness” of a rule are the “confidence” and “support” of the rule
[2, 9]. The confidence of the rule a → b for a patient is defined as the number of times conditions a and b were
experienced divided by the number of times conditions a were experienced, or equivalently P̂ (b|a). The support of set
a is the number of times conditions a were experienced, and is proportional to P̂ (a). When a patient has experienced a
particular set of conditions only a few times, a new single observation can dramatically alter the confidence P̂ (b|a) for
many rules. This problem occurs commonly in our clinical trial data, where most patients have reported fewer than 10
total conditions. The vast majority of rule mining algorithms address this issue with a minimum support threshold to
exclude rare rules, and the remaining rules are evaluated for interestingness (see reviews by [12, 7]). However, using
a minimum support threshold excludes “nuggets,” rules with low support but high confidence. This is problematic,
for instance, when a condition that occurs rarely is strongly linked with another rare condition; it is essential not to
exclude the rules characterizing these conditions. In our data, the distribution of conditions has a long tail, where the
vast majority of events happen rarely: out of 1800 possible conditions, 1400 occur less than 10 times. These 1400
conditions are precisely the ones in danger of being excluded by a minimum support threshold.


Our work avoids problems with the minimum support threshold by ranking rules with a shrinkage estimator of P (b|a).
These estimators directly incorporate the support of the rule. One example of such an estimator is the “adjusted
confidence” [10, 11]:


AdjConf(a→ b,K):=
Number of times conditions a and b were experienced
Number of times conditions a were experienced +K


=
#(a&b)


#a+K
.


The effect of the penalty term K is to pull low-support rules towards the bottom of the list; any rule achieving a high
adjusted confidence must overcome this pull through either a high enough support or a high confidence. The adjusted
confidence has several nice properties as a measure of “interestingness”: first, interestingness is closely related to
the conditional probability P (b|a); second, among rules with equal confidence the higher support rules are preferred;
third, there is no strict minimum support threshold.


In this work, we extend the adjusted confidence model in an important respect, in that our method shares information
across similar patients to better estimate the conditional probabilities. The adjusted confidence is a particular Bayesian
estimate of the confidence. Assuming a Beta prior distribution for the confidence, the posterior mean is:


P̃ (b|a) := α+#(a&b)


α+ β +#a
,


where #x is the support of condition x, and α and β denote the parameters of the (conjugate) Beta prior distribution.
Our model allows the parameters of the Binomial to be chosen differently for each patient and also for each rule. This
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means that our model can determine, for instance, whether a particular patient is more likely to repeat a condition that
has occurred only once, and also whether a particular condition is more likely to repeat than another.


Hierarchical Association Rule Model (HARM)


For a patient i and a given rule, r, say we observe yir co-occurrences (support for lhs & rhs), where there were a
total of nir encounters that include the lhs (nir is the support for lhs). We model the number of co-occurrences as
Binomial(nir, pir) and then model pir hierarchically to share information across groups of similar individuals.


Define M as a I ×D matrix of static observable characteristics for a total of I individuals and D observable charac-
teristics, where we assume D > 1 (otherwise we revert back to a model with a rule-wise adjustment). Each row of M
corresponds to a patient and each column to a particular characteristic. We define the columns of M to be indicators
of particular patient categories (gender, or age between 30 and 40, for example), though they could be continuous in
other applications. Let Mi denote the ith row of the matrix M. We model the probability for the ith individual and the
rth rule pir as coming from a Beta distribution with parameters πir and τi (previously referred to as α andβ). We then
define πir through the regression model πir = exp(M′iβr + γi) where βr defines a vector of regression coefficients
for rule r and γi is an individual-specific random effect. More formally, we propose the following model:


yir ∼ Binomial(nir, pir)
pir ∼ Beta(πir, τi)
πir = exp(M′iβr + γi).


Under this model, E(pir|yir, nir) = yir+πir


nir+πir+τi
, which is a more flexible form of adjusted confidence. This expecta-


tion also produces non-zero probabilities for a rule even if nir is zero (patient i has never reported the conditions on
the left hand side of r before). This could allow rules to be ranked more highly even if nir is zero. The fixed effect
regression component, M′iβr, adjusts πir based on the patient characteristics in the M matrix. For example, if the
entries of M represented only gender, then the regression model with intercept βr,0 would be βr,0 + βr,11male where
1male is one for male respondents and zero for females. Being male, therefore, has a multiplicative effect of eβr,1 on
πir. In this example, the M′iβr value is the same for all males, encouraging similar individuals to have similar values
of πir. For each rule r, we will use a common prior on all coefficients in βr; this imposes a hierarchical structure, and
has the effect of regularizing coefficients associated with rare characteristics.


The πir’s allow rare but important “nuggets” to be recommended. Even across multiple patient encounters, many
conditions occur very infrequently. In some cases these conditions may still be highly associated with certain other
conditions. For instance, compared to some conditions, migraines are relatively rare. Patients who have migraines
however typically also experience nausea. A minimum support threshold algorithm might easily exclude the rule “mi-
graines→ nausea” if a patient hasn’t experienced many migraines in the past. This is especially likely for patients who
have few encounters. In our model, the πir term balances the regularization imposed by τi to, for certain individuals,
increase the ranking of rules with high confidence but low support. The τi term reduces the probability associated with
rules that have appeared few times in the data (low support), with the same effect as the penalty term (K) in the ad-
justed confidence. Unlike the cross-validation or heuristic strategies suggested in [10, 11], we estimate τi as part of an
underlying statistical model. Within a given rule, we assume τi for every individual comes from the same distribution.
This imposes additional structure across individuals, increasing stability for individuals with few observations.


To rank association rules for the purpose of prediction, however, we need a single estimate for each probability (rather
than a full distribution), which we chose as the posterior mean. We carry out our computations using a Gibbs sampling
algorithm described in [8]. In [8] we also produce an approximate updating scheme for allowing the algorithm to
compute a sequence of predictions in real-time.


Predictive performance in repeated patient encounters


We present results of HARM, with the approximate updating scheme, on co-prescribing data from a large clinical trial.
In the trial, each patient visits a healthcare provider periodically. At each encounter, the provider records time-stamped
medical conditions (represented by MedDRA terms) experienced since the previous encounter. Thus, each encounter
is associated with a sequence of medical conditions. These data are from around 42,000 patient encounters from
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about 2,300 patients, all at least 40 years old. The matrix of observable characteristics encodes the basic demographic
information: gender, age group (40-49, etc.), and ethnicity. For each patient we have a record of each medication
prescribed and the condition/chief complaint (back pain, asthma, etc) that warranted the prescription. For patients with
pre-existing conditions, we include these conditions in the patient’s list of conditions at each encounter. If a patient
reports the same condition more than once during the same thirty day period we only consider the first occurrence of
the condition at the first report. If the patient reports the condition once and then again more than thirty days later, we
consider this two separate incidents.


As covariates, we used age, gender, race and drug/placebo (an indicator of whether the patient was in the treatment or
control group for the clinical trial). We fit age using a series of indicator variables corresponding to four groups (40-49,
50-59, 60-69, 70+). We included all available covariates in our simulation studies. In practice, model selection will
likely be essential to select the best subset of covariates for predictive performance. Our experiments consider rules
where the left hand side contains either 0 items or 1 item. In other words, we predict using estimates of the marginal
probabilities (the support of the item) and probabilities conditional on one previous condition.


We selected a sample of patients by assigning each patient a random draw from a Bernoulli distribution with success
probability selected to give a sample of patients on average around 200. For each patient we drew uniformly an integer
ti between 0 and the number of encounters for that patient. We ordered the encounters chronologically and used
encounters 1 through ti as our training set and the remaining encounters as the test set. Through this approach, the
training set encompasses the complete set of encounters for some patients (“fully observed”), includes no encounters
for others (“new patients”), and a partial encounter history of the majority of the test patients (“partially-observed
patients”). We believe this to be a reasonable approximation of the context where this type of method would be
applied, with some patients having already been observed several times and other new patients entering the system for
the first time. We evaluated HARM’s predictive performance using a combination of common and rare conditions. For
each run of the simulation, we used the 25 most popular conditions, then randomly selected an additional 25 conditions
for a total of 50.


The algorithm was used to iteratively predict the conditions revealed at each encounter. For each selected patient,
starting with their first test encounter, and prior to that encounters’ first condition being revealed, the algorithm made
a prediction of c possible conditions, where c = 3. For patients with no previous encounters, both nir and yir are
zero. For these patients, we use the posterior means of the parameters estimated from the training set to make the
first prediction. The algorithm earned one point if it recommended the current condition before it was revealed, and
no points otherwise. Then, yir and nir were updated to include the revealed condition. This process was repeated
for the patient’s remaining conditions in the first encounter, and repeated for each condition within each subsequent
encounter. We then moved to the next patient and repeated the procedure.


The total score of the algorithm for a given patient was computed as the total number of points earned for that patient
divided by the total number of conditions experienced by the patient. The total score is the average proportion of
correct predictions per patient. We repeated this entire process (beginning with selecting patients) 500 times. We com-
pared the performance of HARM (using the same scoring system) against an algorithm that ranks rules by adjusted
confidence, for several values of K. We also compared with the “max confidence minimum support threshold” algo-
rithm for different values of the support threshold θ, where rules with support below θ are excluded and the remaining
rules are ranked by confidence. Neither of these algorithms utilize information across patients.


Figure 1 shows the results, as boxplots of the distribution of scores for the entire collection of partially-observed, fully
observed, and new patients. Paired t-tests comparing the mean proportion of correct predictions from HARM to each
of the alternatives had p-values for a significant difference in our favor less than 10−15. In other words, HARM has
statistically superior performance over all K and θ; i.e., better performance than either of the two algorithms even
if their parameters K and θ had been tuned to the best possible value. For all four values of K for the adjusted
confidence, performance was slightly better than for the plain confidence (K = 0). The “max confidence minimum
support threshold” algorithm (which is a standard approach to association rule mining problems) performed poorly for
minimum support thresholds of 2 and 3. This poor performance is likely due to the sparse information we have for
each patient. Setting a minimum support threshold as low as even two eliminates many potential candidate rules.


The main advantage of our model is that it shares information across patients in the training set. This means that in
early stages where the observed yir and nir are small, it may still be possible to obtain reasonably accurate probability
estimates, since when patients are new, our recommendations depend heavily on the behavior of previously observed
similar patients. This advantage is shown explicitly through Figures 1(b) and 1(c), which pertain to partially-observed
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(b) Partially observed patients
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(c) New patients
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Figure 1: Predictive performance for (a) all patients, (b) partially-observed patients, (c) new patients. Each
boxplot represents the distribution of scores over 500 runs. For (a), each run’s score (an individual point
on a boxplot) is based on a sample of approximately 200 patients. For (b) and (c), each point is based on a
subset of these ∼ 200 patients.


and new patients, respectively. The advantage of HARM over the other methods is more pronounced for new patients:
in cases where there are no data for each patient, there is a large advantage to sharing information.


Related Works


Four relevant works on Bayesian hierarchical modeling and recommender systems are those of DuMouchel and Preg-
ibon [6], Breese, Heckerman, and Kadie [3], Condliff et al. [4] and Agarwal, Zhang, and Mazumder [1]. DuMouchel
and Pregibon deal with the identification of interesting itemsets (rather than identification of rules). Specifically, they
model the ratio of observed itemset frequencies to baseline frequencies computed under a particular model for indepen-
dence. Breese, Heckerman, and Kadie use Bayesian methods to cluster users in a recommender systems application,
and also suggests a Bayesian network. Condliff et al. present a hierarchical Bayesian approach to collaborative filtering
that “borrows strength” across users. Neither Condliff et al. nor Breese, Heckerman, and Kadie aim to model repeat
purchases (recurring conditions). Agarwal, Zhang, and Mazumder also build a personalized recommender system that
models item-item similarities. Their model uses logistic regression for estimating pir rather than using πir and τi.
This has the advantage of being a simpler model, but loses the interpretability our model has through using association
rules. It also loses the potential advantage of estimating only conditional probabilities involving few variables.


As far as we know, the line of work by Davis, Chawla, Christakis, and Barabasi [5] is the first to use an approach from
recommender systems to predict medical conditions, though in a completely different way than ours; it is based on
vector similarity, in the same way as Breese, Heckerman, and Kadie. (Also see references in [5] for background on
collaborative filtering.)


Conclusion and Future Work


We have presented a hierarchical model for ranking association rules for sequential event prediction. The sequential
nature of the data is captured through rules that are sensitive to time order, that is, a → b indicates conditions a are
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followed by conditions b. HARM uses information from observably similar individuals to augment the (often sparse)
data on a particular individual; this is how HARM is able to estimate probabilities P (b|a) before conditions a have
ever been reported. In the absence of data, hierarchical modeling provides structure. As more data become available,
the influence of the modeling choices fade as greater weight is placed on the data. The sequential prediction approach
is especially well suited to medical condition prediction, where experiencing two conditions in succession may have
different clinical implications than experiencing either condition in isolation.


Model selection is important for using our method in practice. There are two types of model selection required for
HARM: the choice of covariates encoded by the matrix M, and the collection of available rules. For the choice of
covariates in M, standard feature selection methods can be used, for instance, a forward stagewise procedure where one
covariate at a time is added as performance improves, or a backward stagewise method where features are iteratively
removed. To perform model selection on the choice of rules, it is possible to construct analogous “rule selection”
methods as one might use for a set of covariates. A forward stagewise procedure could be constructed, where the set
of rules is gradually expanded as prediction performance increases.
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Abstract


Researchers in multiple fields have been intrigued by the problem of market basket analysis, where different methods
and tools are used to find meaningful associations in consumer purchase data. Although there are many different
methods used in the literature in tackling this classic datamining problem, the fundamental goal in market basket
analysis involves searching and analysing association rules. These associations could be some type of correlation
relationships such as the sales of product A and B are positively related or in some cases may be causal relationships
such as promotion efforts on product A increases sales on product A. In this study, we investigate the Bayesian
Network approach to the market basket analysis problem and focus specifically on the marketing application of the
method. We demonstrate how Bayesian networks can be used to identify and incorporate direct and indirect effects of
promotion in marketing datasets.


Keywords: Bayes Networks, Promotion, Data Mining, Consumer Behavior


Introduction


Market basket analysis is a classic problem in data mining and has been studied extensively in the literature, as it is a
clear case where data mining methods can be applied to aid business management in planning marketing and operation
strategies. Although MBA is not a new idea, it is still an extremely relevant and interesting topic. In spite of the ease
of accessibility to grocery stores and even with the recent expansion in online grocery shopping, consumers still plan
and purchase multiple items over multiple categories of products in a single shopping trip. Furthermore, with the free
distribution of various store cards (albeit with minimum commitment of first order personal information) coupled with
improvements in information technology, retailers can nowfollow individual customers and gather transaction level
data. This enables the retailer to analyze micro level consumer behavior as well as macro level product association
patterns and devise an operational strategy to maximize store profits. In this paper, we highlight the computational
difficulties faced by researchers in dealing with MBA datasets and the Bayesian network approach which was proposed
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to overcome this problem[1]. In section 3, we briefly describe the cross-category effects in marketing literature and
extend previous study by integrating the promotion variable to the MBA model. In section 4, we describe the data and
show our findings. Finally, we conclude in section 5.


Bayesian network approach to Market Basket Analysis


The single most difficult computational challenge faced by researchers in dealing with MBA problems is the volume
and sparseness of typical MBA datasets. Suppose one obtainsa MBA dataset with 50 product categories over a 2
year period (104 weeks) then one has to deal with a 104× 50 data matrix. Also, in order to identify association rules
between products, one must deal with a contingency table with 250 levels, which may also contain many empty cells.
This characteristic of the MBA dataset makes it difficult, and in many cases infeasible, for the researchers to analyze
the full model directly. Another important problem faced byresearchers is the problem of model validity. Typically
there is little theoretical knowledge available on different associations structures which may be identified from the
analysis, and it is difficult to score or rank multiple structures.


Bayesian network approach to the MBA problem has two distinctive advantages. First of all, as the Bayesian approach
is founded upon the computation of probabilities it is natural to score the possible networks by theposterior probability.
In other words the posterior probability of a possible modelMi given a datasetD can be computed by (1) where (2) is
the marginal likelihood.


P (Mi|D) ∝ P (D|Mi)P (Mi) (1)


P (D|Mi) =


∫
P (D|Mi, θ)P (θ|Mi)dθ (2)


Hence, by specifying prior distributions one can calculatethe posterior probability of the model in question, and this
probability can be interpreted easily when comparing multiple model candidates. Other than the technical advantages,
Bayesian network approach is intuitively better equipped in solving market basket problems. One advantage is that
by DAGs, Bayesian network can study causal links between variables, and this is useful when we are interested in
applications of MBA such as finding the causal link between promotion variables and product variables. Bayesian
network also benefits from the usual Bayesian paradigm oflearning andexpertise, meaning that expert knowledge in
the field can be utilized through the prior distribution andlearning from data can be achieved through the Bayesian
updating process. These are key advantages one can get from using Bayesian networks as it allows business managers
to learn and continuously update beliefs on consumer behavior from market basket data and apply them in forming
business strategies.


There are challenges in using the Bayesian network approachas well. Specification of a suitable prior distribution
is always a non-trivial task in performing Bayesian analysis. Furthermore, when the set of possible candidate models
is large as is the case in MBA datasets, it is practically infeasible to compute the exact posterior probabilities and
compare them among all possible models simultaneously. Previous studies[1,2] have shown that these problems can
be solved by choosing the Dirichlet distribution as the prior distribution and utilizing Markov Chain Monte Carlo
methods. It is also shown that especiallyMC3 algorithm proposed by Madigan and York[3] works well in model
selection. In more detail, Giudici and Passerone[2] show that in analyzing a dataset with 26 variables, model selection
using Bayesian network methods can be performed directly onthe joint226 contingency table of the products whereas,
in the classical case this was infeasible.


Integrating Promotion to Market Basket Analysis


One of many possible operational strategies which could be used by retailers is that of product promotion. Blattberg,
Briesch and Edward’s study[4] on how promotions work give a thorough review of the promotion literature and there
they define promotion activities as not only price promotions (temporary price discounts to the customer) but to also
include distribution of coupons, display and feature advertising activity direct to the consumer. Specifically, the study
highlights that promotion activities can either change themagnitude consumers purchases and/or enhance store traffic.
Another important study regarding promotion strategy is done by Mulhern and Leone[5], where they emphasize the
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presence of demand interrelationships among multiple products within a store. As we have discussed the underlying
problem is a multi-product multi-category problem, and single product promotion strategy and implications of simple
buyer-seller models have limited value in devising promotion strategies. Therefore, we will look at the promotion
problem in a multi-product setting identifying and analyzing interdependent structure between products.


Through out the marketing literature, researchers agree that promotion activities in one category have impacts on
the sale of products within that category, but they differ inmodelling cross-category promotion effects depending on
the nature of the underlying relationship between categories. All in all, there are three modelling paradigms related to
cross-category promotion effects. Direct promotion effect proposed by Manchanda[6] can be described as promotion
activities on category A directly affecting the purchasingbehavior not only on category A but also category B. Second
paradigm, albeit indirect promotion effect described by Russell[7], is where promotion activities in a category A only
affects purchasing decisions in this category but the changes in purchasing patterns in category A affects the purchas-
ing behavior in category B. Therefore promotion activitiesin category A indirectly affects purchasing decisions in
category B. Finally there is the mixed promotion model whereboth direct and indirect promotion effects are present
across product categories (Figure 1).


Pro(A)


A B


Pro(A)


A B A


Pro(A)


B


Direct Promotion Effect Indirect Promotion Effect Mixed Promotion Effect


Figure 1: Bayesian network representation of cross-category promotion effects


How one models cross-category promotion is entirely up to the researcher. If there exists some prior knowledge on
product dependency structure then one can specify these structures a priori, where they could be direct, indirect or
mixed promotion models. If there is no past data then one can also follow a pure data mining approach and try to find
the best cross-category dependence structure from scratch, just as it was done in previous studies[1,2]. In any case,
we propose Bayesian network in approaching this promotion integrated MBA problem, as (i) it can handle all three
promotion models described above, (ii) it is easy to represent and model the dependence structure between categories
and (iii) it can be used to learn the structure when there is noprior structural knowledge available.


To be more specific, there are two preliminary goals in our modelling of the promotion integrated MBA problem.
First, we want to identify the global Bayesian network of product clusters with the promotion variable included(Figure
2). This is a direct extension of the work which was done previously[1,2] which mainly looked to identify the product
clusters. Once these clusters are identified, it can providethe retail managers with valuable information on planning
marketing and operational strategies. Also, we evaluate the strength and direction of pairwise cross-category relation-
ships, in terms of finding the posterior probability of edges, given the presence of promotion variables. This is more in
line with traditional marketing research and it can give retail managers an idea on the products to focus their marketing
efforts on.


Findings


The MBA dataset we used include sales data from multiple grocery stores in the Chicago Metropolitan area, where
individuals were followed for a 2 year period. The data also included marketing data from the grocery stores and the
consumer demographic data. In order to facilitate the analysis for this preliminary research, we chose twelve product
categories (detergent, softener, towel, tissue, yogurt, cereal, soap, cleanser, hotdog, egg, cookie and cracker) some of
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Pro(A)


Pro(D)


Pro(E)


Pro(C)


Figure 2: A possible Bayesian network identified from data


which have different functions and some which are closely related. Also, in defining thepromotion variable, we com-
bine the three types of marketing activities (price discount, display and feature) available in the data into one binary
promotion variable. Hence, if any of the three marketing activity is present then the promotion variable will have the
value of 1 and zero otherwise. For the purpose of this research, we assume that the impact of these three marketing
activity on sales of the product is the same. We also limit thelearning process, by not allowing any parents to the
promotion variable. For space purposes, we do not illustrate theMC3 algorithm that we employed, however details
of theMC3 algorithm can be found in [3].


The primary result we find, as seen from the figures below, is that the prevalent promotion effect between product
categories is that of indirect promotion. More specifically, promotion activities on product A directly impacts the sales
of product A. Now, the sales or no-sales decision of the product A will in turn affect the sales of its complement (or
substitue) product B. When using a cutoff value of 0.9, therewere three multi-category clusters identified, namely
(towel, tissue, soap, hotdog), (softner, detergent) and (cereal, cracker, cookie). Using a cutoff value of 0.6, the three
clusters are merged into two clusters represented in figure 3. Hence, the results show that Bayesian network obtained
from the data with minimal restrictions can capture the multi-category relationship and give us insight on what may
be the underlying promotion mechanism.


Pr(S)


Pr(To)


Pr(Ti)


Hotdog


Cleanser


Softener


Detergent


Soap


Towel


Tissue


Pr(H)


Pr(C)


Pr(So)


Pr(D)


Pr(Ce)


Pr(Cr)


Pr(Co)


YogurtCereal


Cracker


Cookie


Pr(Y)


Figure 3: Two product clusters identified with cutoff value 0.6


We now turn our attention to the pairwise cross category relationship and compare the strength and direction of as-
sociation by looking at the corresponding edge probabilities. This allows us to identify the primary and secondary
categories in a pair of complimentary products. After analyzing pairwise associations, we identified three pairs of use
compliment products as (Detergent, Softner), (Soap, Cleanser) and (Towel, Tissue). We now then isolated the strong
compliment products (Detergent, Softner)and computed theposterior probabilities for the three networks illustrated in
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figure 4. The posterior probabilities were 0.98,0.01 and 0.01 respectively. This suggests that the softener is the primary
product in this pair of complimentary products and suggeststhat the retail manager may want to focus on marketing
softeners.


Softener Detergent


Pr(So) Pr(D) Pr(So) Pr(D) Pr(So) Pr(D)


Softener Detergent Softener Detergent


Softener as primary product Detergent as primary product Two products independent


Figure 4: Three possible networks for the complimentary product pair (Detergent, Softner)


Concuding remarks


In this paper, we concentrated on modelling association structures in market basket analysis by using Bayesian net-
works, with applications in formulating marketing strategies. We first, described the advantages of Bayesian network
in identifying association structures in market basket data by highlighting previous work[1,2] in the literature which
deals with this problem. We then identified different types and effects of promotion as discussed in the marketing
literature and also shown how they can be integrated to the previous Bayesian MBA methods. The results show that
the most prevalent form of promotion found from the analysisis that of indirect promotion. Coupled with this result,
we have also found that when dealing with a pair of close compliment products one can identify the primary product
which may drive the relationship.


These results may have strong impacts on retail managers making good decisions regarding marketing activities as
it is crucial to identify and understand the unobservable relationships between consumer purchase decisions. For ex-
ample, the retail manager may interpret our results as to identify the most effective product to promote, and therefore
maximize the effects of indirect promotion and at the same time minimize the number of products to promote. Also,
the retail manager should only promote the primary product when faced with a pair of complimentary products. The
retailer can also decide on when to promote the products by identifying the causal links in the Bayesian network and
run a sequential promotion strategy (i.e. first on product A,then product B and so on). This type of sequential strategy
might be useful if there is some type of diminishing effects of promotion present, and hence running all four promotion
activities simultaneously may not be optimal.


There are certain limitations to this study. One of the limitations is that we have merged different types of pro-
motion in creating the promotion variable. These promotionactivities will certainly vary in their effectiveness and
we may have over simplified in creating our model. Also, we have not incorporated the available demographic data.
This added element will certainly complicate the problem inthe computational sense, however it would give us a
more complete picture of the association structure and could give insights on consumer purchasing behavior. Finally,
in the future we would like to extend the problem and explore dynamic Bayes networks in modelling the promotion
integrate MBA problem in a dynamic setting. The data we use here spans over a 2 year period and it is fair to assume
that consumer’s purchasing decisions on a given week has an impact on purchasing decisions of the following week.
As mentioned before, with the improvements in computer technology, retailers can now issue promotion coupons as
customers go through check out almost simultaneously. If the dynamic model can be successfully implemented then
the retailer can input products in the customer’s current shopping basket and printcorrect coupons which would have
the biggest impact on customer’s purchasing decisions in his/her next visit to the store.
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Abstract
In this paper, we propose a latent feature model — Latent feature factor graph (LFFG) — for the gene expression
microarray classification problem. LFFG is a factor graph in which each entity is represented via a latent feature
variable — a node in the factor graph. Then the relationship between entities is captured via a function of latent


features — a factor in the factor graph. We use maximum a posteriori estimation to learn the latent features for the
gene expression microarray classification problem. The experiments over a small dataset are promising as LFFG


outperforms SVM — the state-of-the-art classification method in microarray classification.


Keywords: microarray classification, factor graph, latent variables


Introduction


Because of the availability of huge gene expression microarray datasets, many machine learning and pattern recogni-
tion algorithms have emerged to analyze them [12]. One of the important applications of gene expression microarray
data is in cancer diagnosis [11]. In this paper, we propose a new classification approach — the latent feature factor
graph — which works well in microarray classification.


The latent feature factor graph is a graphical model. Graphical models [9] are used to represent complex prob-
ability distributions via a graph. Nodes denote random variables and edges denote dependencies between random
variables. There are three different types of graphical models. Bayesian networks are directed acyclic graphs. Markov
networks are undirected graphs. Factor graphs [8] are bipartite graphs with two different types of nodes. The first type
of nodes are random variables and the second type of nodes represent factors which are a function of random variables.
In this paper, we use factor graphs due to their expressive power [4].


Figure 1-(a) represents a typical factor graph with 3 random variables (x1, x2 and x3) and two factors (f1 and f2).
Given a factor graph, the probability distribution over random variables factors based on a potential function φi for
each factor fi:


P (x1, x2, ..., xn) =
1


Z


∏
i


φi(Si), (1)


where Si denotes the set of random variables connected to factor i and Z =
∑


x


∏
i φi(Si) is the partition function.


The only condition is φi ≥ 0 for all factors. Given 1, the joint probability distribution for the factor graph in Figure
1-(a) is:


P (x1, x2, x3) =
1


Z
φ1(x1, x2)φ2(x2, x3).
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Figure 1: The graphical model of (a) a typical factor graph and (b) the latent feature factor graph.
In (b), observed variables are shown in gray while latent variables are white. Note that ysc and ys′c
are observed only in the training set.


In this paper, we propose a factor graph model — latent feature factor graphs — to learn the relationship between
entities. In LFFG, we try to discover the latent features of entities in a low-dimensional space via random variable
or nodes in the factor graph. That is, per each entity, a random variable is defined which is latent variable. The
relationship between entities is captured via a function of the latent features — representative random variables —
which is a factor in the factor graph. The LFFG graphical model for the gene expression microarray classification
problem, is shown in Figure 1-(b) where there are 3 types of entities: genes, samples and cancer categories. xs, xg and
xc are the random variables representing latent features of samples, genes and categories. Two types of relationships
are of interest: expression level (shown by vsg) and samples’ cancer category (shown by ysc). The expression level
of a gene for a sample will be a function of the latent features of the gene and the sample (factor f1). Similarly,
the cancer category relationship is a function of the latent features of the sample and cancer categories (factor f2).
To boost classification power, we force similarity between the latent features of two samples with the same cancer
category (factor f3).


We use maximum a posteriori probability (MAP) estimation to learn the latent features for the gene expression
microarray classification problem. The experiments over a small dataset are promising as LFFG outperforms support
vector machine (SVM) — the state-of-the-art classification method in microarray classification [11]. We conjecture
that LFFG is successful because it behaves as a supervised dimensionality reduction method. It embeds entities
in a low-dimensional dot product space where the samples from the same class are more similar to each other. In
comparison to SVM that uses kernel trick to transfer original space to a dot product space, LFFG constructs the dot
product space from scratch using both features and labels.


The proposed latent feature factor graph is similar to collective matrix factorization [10] in some aspects as we
use weighted linear functions for factors. However, collective matrix factorization is capable of predicting values from
several matrices while the goal of our model is classification. Collective matrix factorization assumes a generative
model from latent features to relationships — a directed graph — which is limiting, while LFFG assumes correlation
between latent feature variables — which can be directed or undirected given the definition of potentials. Therefore,
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applying collective matrix factorization to gene expression microarray classification is not straightforward. However,
non-negative matrix factorization has been used for clustering microarray data [2] where the learning is only based on
the microarray data — an unsupervised approach. While this approach is worthwhile since it does not need labels for
training, it is not as powerful as supervised learning approaches.


Latent feature factor graph


In the latent feature factor graph, we introduce one random variable per entity. In classification using microarray gene
expression data, there are 3 groups of entities: xs — a (1 × d) vector — denotes the latent feature for sample s, xg
— a (1 × d) vector — denotes the latent feature for gene g, bg — a scalar — denotes the bias in expression for gene
g, and xc — a (1 × d) vector — denotes the latent feature for category c. Generally, latent features are vectors with
the same size. However, it is possible to assume different sizes for the entities of different types. As a result, the
relationship between entities can be captured as a function of entities’ latent feature variables — a factor. Here, two
types of relationships exist. The expression level of each gene g for each sample s, denoted by vsg , and the category c
of each sample s, denoted by ysc which is a binary variable and is one if sample s is in category c and zero otherwise.
For the expression level relationship, we define the factor as


φ1(xg, xs, vsg) = exp


(
−τ (xgx


T
s + bg − vsg)2


2


)
. (2)


Such a factor implies that the distribution over vsg is Gaussian with mean xgxTs + bg and precision (one over variance)
τ . For the category relationship, we define the factor


φ2(xs, xc, ysc) = exp(xsWxTc ysc), (3)


whereW — a (d×d) matrix — is a weight matrix to transfer xs from the microarray gene expression data space to the
classification space. Note that (3) resembles the numerator of the multinomial logistic regression probability. However,
they are not equivalent due to our third factor definition. In the third factor, the relationship between categories and
latent features of two different samples is captured with the factor


φ3(xs, xs′ , ysc, ys′c) = exp


(
xsWWTxTs′yscys′c∑


s′′ ys′′c


)
, (4)


where
∑


s′′ ys′′c is a normalizing term for unbalanced categories.


The factor graph representing the explained model is shown in Figure 1-(b) via plate notation. In plate notation,
the enumeration over random variables is denoted by plates. In classification based on gene expression data, there are
NG genes, NS samples, and NC categories. For the relationship between two distinct samples, the plate with index
s′ 6= s is used. The priors over latent features are shown by directed relationships. The Gaussian prior with mean
zero is assumed for all latent variables (relaxing the zero-mean assumption is straightforward). Each θ in the graphical
model is the precision for the relevant variable where we assumed Multivariate Gaussian with independent elements.
The prior mean of matrix W is the matrix µW .


The probability distribution over all random variables is


P (X,W, Y, V |Θ) =


1


Z
exp(−ατ


∑
gs


(xgx
T
s + bg − vsg)2


2
+ (1− α)


∑
sc


xsWxTc ysc +
∑


s<s′,c


xsWWTxTs′yscys′c∑
s′′ ys′′c



− θG


2


∑
g


(||xg||22 + b2g)− θS
2


∑
s


||xs||22 −
θC
2


∑
c


||xc||22 −
θW
2
||W − µW ||22), (5)


where Z is the partition function and 0 < α < 1 is the weight for combining expression level factor and classification
factor. Such a weighting is necessary since the data is usually unbalanced — very fat in the gene expression side.


For learning the latent features, we only use the samples for which the category is given — the training set.
However, it is possible to use the unlabeled data given the latent feature factor graph in a semi-supervised learning
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manner — similar to the work of Zhu and Ghahramani [13] — which we leave for future directions. Therefore, in
the learning phase, the latent feature parameters are learned given the observed variables vsg and ysc. Here we use
maximum a posteriori probability (MAP) estimation which is the mode of the posterior distribution over the latent
feature variables.


As another strategy, instead of finding the right weight parameter α, we optimize the probability distribution by
alternating between the factors for the expression level and the category. That is, in an iterative way, first we optimize
the log-posterior function over variables xg , bg , and xs based on the factor f1, and then over variables xs, xc, and W
based on the factors f2 and f3. This is because of the fact that based on the joint probability distribution (5), the only
common random variable between f1, f2, and f3 is xs. For making xs satisfying both groups, we update the prior of
xs between alternating. As we mentioned, the prior over xs is Gaussian with mean zero and precision θS . Given x̂s as
the output of one half of the algorithm, the prior over xs will be a Gaussian with mean x̂s/2 and precision θS which
is the posterior of the xs given the first prior and the new recieved x̂s. That way, the prior mean over xs for updating
based on factor 1 is half of the xs as the output of updating based on factors 2 and 3 and vice versa. We show the
updated prior over xs by µs.


For optimizing the log-posterior function based on the first factor, first we update xg and bg to fit them to the xs
coming from factors 2 and 3 phase. The equation for updating xg is


xg = (−
∑
s


(bg − vsg)xs)(
∑
s


xTs xs + θGI)−1 (6)


for all g, where I is the identity matrix. The equation for updating bg is


bg =
−∑s(xsx


T
g − vsg)


NS + θG
(7)


for all g. The equation for updating xs is


xs = (θSµs −
∑
g


(bg − vsg)xg)(
∑
g


xTg xg + θSI)−1. (8)


Optimizing the log-posterior function based on the second and third factors is more complex due to the difficulty of
computing the partition function. This is because of the exponential growth for summing over all possible ysc variables
in computing the partition function. To remedy this problem, instead of optimizing the log-posterior function given all
variables, we work on the conditional probability of one sample given the labels for the rest of samples:


P (ysc, X,W |ys′ 6=s,c) = (const)
exp


(∑
c xsWxTc ysc +


∑
s′ 6=s,c


xsWWT xT
s′yscys′c∑


s′ ys′c


)
∑


ysc
exp


(∑
c xsWxTc ysc +


∑
s′ 6=s,c


xsWWT xT
s′yscys′c∑


s′ ys′c


)
exp


(
−θS


2


∑
s


||xs − µs||22 −
θC
2


∑
c


||xc||22 −
θW
2
||W − µW ||22


)
, (9)


where const does not depend on any decision variable and sum over ysc means enumerating over all categories for
sample s. In this phase, we update the variables with regard to one sample via gradient ascent. The order of going over
different samples is randomized. Note that the xs′ |∀s′ 6= s variables are updated given (9) for sample s. The inside
loop for updating xs′ is randomized as well.


The algorithm for learning latent features is presented in Figure 2. Note that we repeat phase 2 until convergence
since in phase 1 we use closed-form updates while in phase 2 we use gradient ascent and changes are slower. Finally,
given latent feature variables, we can classify test sample t. First, using


xt = (−
∑
g


(bg − vtg)xg)(
∑
g


xTg xg + θGI)−1, (10)


we map the sample t in the new space. Then using


P (ytc|Ytrain, X,W ) =
exp


(∑
c xtWxTc ytc +


∑
sc


xtWWT xT
s ytcysc∑


s ysc


)
∑


ytc
exp


(∑
c xtWxTc ytc +


∑
sc


xtWWT xT
s ytcysc∑


s ysc


) , (11)
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Input [{ysc}sc, {vsg}sg, θC, θS, θG, θW , µW ]
Output [{xs}s,{xg}g,{bg}g,{xc}c,W]
Initialize [{xs}s,{xg}g,{bg}g,{xc}c,W]
∀s µs ← xs/2
Repeat


Phase 1
Update {xg}g using (6)
Update {bg}g using (7)
Update {xs}s using (8)


∀s µs ← xs/2
Phase 2


Repeat
For s ∈ RandomizedOrder


optimize (9) over {xs}s,{xc}c,W by gradient ascent
End


Until(convergence)
∀s µs ← xs/2


Until (convergence)


Figure 2: Iterative algorithm for learning latent features.


we can predict the class of the sample t.


Experimental results


For experimental evaluation, we used the 9-tumors dataset explained in [11]. In this dataset, there are 60 samples,
5726 genes, and 9 categories. We compared LFFG to SVM as a best known classifier for this problem [11]. LIBSVM
[3] was used for evaluating SVM.


For SVM, we optimized over RBF and polynomial kernels via cross-validation. The best result was a linear kernel
with C = 200. As preprocessing, we tried different normalizing procedures and for SVM, casting data to [0,1] interval
worked best.


For LFFG, we optimized over θG = θS = θs = θ (equal θ for all entities for simplicity of optimization) and
θ = 30 gave the best result. The step size for gradient ascent part was set to 1.0e− 5. Latent features were initialized
by standard normal distribution. As preprocessing, we tried different normalizing procedures and normalizing by
dividing data by the standard deviation of each gene worked best.


Due to the small size of the data, we repeated 10-fold cross-validation experiments 10 times — a total of 100
experiments. In each run, data was split into 10 mutual exclusive groups randomly. We did not implement stratified
splitting since it impaired randomness given the small size of the dataset.


The results are given in Table 1. We use accuracy — the percentage of correctly labeled samples — for comparing
LFFG and SVM. LFFG outperforms SVM in all runs and for eight runs the differences significant at 0.05. In total,
LFFG outperforms SVM with p-value equal to 1.4e-10.


run 1 run 2 run 3 run 4 run 5 run 6 run 7 run 8 run 9 run 10 total
SVM 48.33 53.33 53.33 51.67 55.00 55.00 51.67 53.33 51.67 58.33 53.17
LFFG 65.00 63.33 71.67 63.33 71.67 68.33 70.00 63.33 66.67 68.33 67.17
p-value 0.002 0.109 0.006 0.044 0.032 0.026 0.009 0.012 0.041 0.130 1.4e-10


Table 1: The accuracy results of ten runs of 10-fold cross-validation experiments (total of 100
runs). The bold numbers are significant at 0.05 in paired t-test.
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Conclusion


In this paper, we propose a novel classification approach for gene expression microarray classification — latent feature
factor graph. LFFG assumes a latent feature variable for each entity — a random variable in a factor graph — and
captures the relationship between entities with a function of the latent feature variables — a factor in a factor graph. We
used MAP estimation for learning the latent features. Experimental results show that LFFG outperforms the popular
classification algorithm SVM.


One important future direction is implementing Bayesian inference over latent feature variables instead of MAP.
However, computing the posterior is intractable. We plan to examine two main approximate inference approaches for
graphical models for LFFG: variational approximations [5] and Markov chain Monte Carlos [1].


In this paper, we only used linear functions. However, it is possible to use the Euclidean distance function which is
useful for visualizing samples. Such an approach has been used in collaborative filtering [6] and information retrieval
[7].
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Abstract 


Despite an ever-increasing amount of biomedical research data and the increasing capabilities to 
monitor and analyze patients’ data, the underlying mechanisms of disease are still poorly 
understood. Network models of biological interactions offer insights into disease progression 
with the goal to improve diagnosis, prognosis and therapeutic interventions. Biological networks 
can be drawn as directed graphs whose nodes are biological entities and whose arcs are the 
interactions among those entities. The entities range from molecules or cells at the lower levels, 
moving up to tissues, organs, organism and populations. The arcs can represent structural or 
functional entity interactions and can be dynamic over time. Although biological network models 
based on Internet or social network analogies may be useful, their focus on hubs runs contrary to 
the distributed nature of progression in diseases such as cancer. We propose that terrorist 
network models may help uncover hidden disease networks by using qualitative and quantitative 
methods traditionally used for military, defense, and security applications, including – but not 
limited to – those used in counterintelligence, counterinsurgency and counterterrorism efforts. 
Examples will be drawn from disease networks including metastasis of renal cell carcinoma. 


Keywords: systems biology, network models, disease, counterterrorism, cancer 
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Introduction 
Despite an ever-increasing amount of biomedical research data and the increasing capabilities to 
monitor and analyze patients’ data, the underlying mechanisms of disease and their association 
with clinical outcome are still poorly understood. A key question is how to assemble the vast 
building blocks of information about disease into a mental model or conceptual framework that 
can be analyzed to improve diagnosis, prognosis and therapeutic interventions.  


Here we present a novel conceptual framework of disease progression as analogous to terrorist 
activity, with suggested applications in cancer research. Despite more than 40 years of National 
Cancer Institute sponsored research [3], cancer accounts for nearly one of every four deaths in 
the United States [4]. By framing disease activities within well-researched models of terrorism, 
qualitative and quantitative methods traditionally used for military, defense, and security 
applications may be utilized for improving diagnosis, prognosis and therapeutic interventions.  


Background 
The intelligence community has long been aware of its similarities to the medical profession. 
Both professions collect, analyze, and disseminate data, and require judgment to resolve 
ambiguities [5]. Both labor under uncertainty and the unpredictable behavior of their actors and 
activities; both track identifiable problems that change over time [6]. Both need the insight of 
“generalists” (such as attending physicians) with a broad scope of competencies to integrate 
specialist knowledge and prescribe a course of action [7, 8].  
After the terrorist attacks on the United States in September 2001, theoretical and applied 
research into counter-terrorism escalated, with publications ranging from the cognitive 
informatics of intelligence analysis [9] to building the perfect terrorist cell [10]. In particular, 
much work has been done in modeling terrorist organizations as networks in order to uncover 
potential strengths and weaknesses [11]. It has been known for some time that covert networks 
are structured differently from common networks such as social networks, the internet or electric 
power grids; illegal networks evolve to maximize concealment and cascade resilience rather than 
operational efficiency [12, 13].  
Both professions share similar semantics and semiotics. They both deal with cells and fight 
disease. The similarities are strongest in chronic diseases [6], and strikingly so in cancer. This 
suggests that analytical tools used for counter-terrorism may assist cancer research.  


Conceptual Model 
The purpose of a conceptual model of cancer metastasis is to generate novel research questions 
based on similarities between the activities, actors, structures and goals of cancer and terrorist 
organizations, so that counter-terrorism analytical methods may be used. In the conceptual 
framework of Figure 1, the actors are cancer and terrorists. Their destructive activities are 
supported by signaling and supply lines: visible, hidden, or transformed. 
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Following are some examples of parallels in cancer and terrorism: 


• “Hiding in Plain Sight”. Deception and denial have long been a part of military operations. 
Just as the terrorist Osama bin Laden was found in 2011 in a middle-class neighborhood near 
a military academy in Abbottobad, Pakistan [14], tumor cells hide by co-opting and 
conscripting their normal neighbors [15]. 


 
 


Figure 1. Conceptual Framework: Cancer and Terrorism 
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• Terrorist and underground networks appear to be optimized for redundancy, evasion, and 
cascade resilience using a connected star structure [13]. If metastasis networks (Figure 2) can 
be modeled as star networks, counter-terrorism network analytics may prove useful. Note 
that the constellation Cancer is a star network of stars (Figure 3).  


 


 
Research Questions 
From the network perspective, it is known that cancer “hijacks” and transforms normal 
biological pathway networks of signaling and metabolism [16]. The conceptual framework of 
cancer as terrorism suggests a number of research questions.  


• Does cancer change normal networks into connected stars? Consider normal networks 
graphically as interconnected meshes. In the mathematics of electronic networks, one can 
transform a mesh network to an equivalent star network (also called a delta-wye transform) 
when specific conditions are met [17]. Is this what is happening in cancer?  


• Do different cancers form networks of different shapes? Are there typical characteristics 
common to all cancer networks? 


• Does cancer utilize “dark” networks for its activities? “Dark” networks are networks hidden 
from view, largely inaccessible, and resistant to data collection [18]. In the same way that a 
human has a coccyx –a vestigial tail, there are likely vestigial networks. This has been shown 
in other species, and has been suggested as an approach to finding human drug targets [19]. 
The “canonical” pathway networks associated with cancer signaling and metabolism are 
primarily biochemical and difficult to study beyond the molecular, cellular and tissue levels. 
Recently other types of multi-level (from molecule to organism level) networks have been 
uncovered in the body. There are intercellular nanotubes that transfer components between 
cells and transmit pathogens such as human immunodeficiency virus (HIV)-1 over long 
distances [20] as well as support electrical synchronization between distant cells [21]. 


 


 
 


Figure 2. Metastasis sites in Cancer [1] 


 
 
 


 
 


Figure 3. Cancer constellation map [2] 
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Finally, biochemical networks collaborate with “stress and strain” networks to facilitate the 
migration of tumor cells [22].  


• How does cancer modify networks? It is hypothesized that tumors become irrevocably 
addicted to the continued expression of the proteins from genes that started the tumor – a 
process called oncogene addiction [23] which is the basis for many targeted cancer therapies 
[24]. Another recent suggestion has been that of oncogene amnesia, wherein cancer makes 
cells forget their checkpoint mechanisms [25]. In the former hypothesis, network arcs are 
broadened; in the latter, they are cut. 


Application of Conceptual Model 
This conceptual model of cancer is currently being applied to a study of epithelial-mesenchymal 
transition in recurrent metastatic renal cell carcinoma, and preliminary results will be presented 
at the workshop.  
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Abstract


Drug-induced toxicities are key considerations for drug classes treating chronic conditions, but knowledge about long-
term pharmacological and toxicological effects from traditional drug studies is often limited. Since drug hepatotoxicity
is an important cause of liver diseases and a common reason for drug withdrawals, we characterize the behavior of liver
disease diagnoses in a population-based claims database, as a building block for studying long-term drug toxicities
using claims data. Our analysis show that (1) common liver diagnoses are correlated; (2) liver diagnoses evolve as
sequences in one’s claims history, and most sequences consist of no more than three diagnoses; (3) a long time period
is needed to detect sequences of rare diagnoses; (4) those who initiate liver diseases later tend to develop diagnosis
sequences faster. Furthermore, our analysis demonstrates that “one test fits all” may not be the best surveillance design,
rather the statistical testing needs to be tailored to the behavior of different diagnosis codes, as they represent different
conditions developed in distinct ways. We conclude that characterizing the behavior of diagnoses of liver diseases in
claims data yields valuable insights to the design of an effective long-term drug safety surveillance.


Keywords: Diagnosis sequence, drug-induced hepatotoxicity, liver diseases, healthcare insurance claims data


Introduction


Even if medications have been proven safe and effective, knowledge about long-term pharmacological and toxicolog-
ical effects is often limited. Traditional drug studies are short-term clinical trials, thus long-term benefits and risks
have not been fully determined from these studies. On the other hand, long-term drug-induced toxicities are key con-
siderations for drug classes treating chronic conditions, because exposure to these drugs can be years or decades. In
addition, recent studies have suggested that it may be cost-effective to administer low-cost statins to most persons with
modestly elevated cholesterol or any coronary heart disease risk factors as a primary prevention strategy [4]. With a
transition from strictly therapeutic drug use to a preventative use, obtaining knowledge of long-term effects of drugs
is more urgent than ever.


The liver plays a central role in transforming and clearing chemicals from the bloodstream, and is therefore highly
susceptible to drug-induced toxicity. Drug-induced hepatotoxicity is a leading cause of liver diseases and a common
reason for drug withdrawals or black box warnings. On the other hand, drug-induced liver injury remains a diagnostic
challenge for physicians, because it might have similar characteristics of acute and chronic liver diseases [5]. As a
result, liver disease is a natural starting point to study long-term drug effects.


One possible data source to study long-term drug effects is healthcare insurance claims, which has the advantage
of a large volume, enabling the study of rare outcomes. In this paper, we seek to understand and characterize the be-
havior of diagnoses of liver diseases in a population-based claims database, as a building block for studying long-term


1







drug toxicities using claims data.


Claims data and diagnosis coding structure
Claims data are generated when healthcare providers send claims to insurance companies or third parties to receive
reimbursements for their services. Claims data reflect both medical and pharmacy claims. Medical claims include for
example, diagnosis codes, treatment codes for any procedures performed, date and place of service, and associated
cost. In claims data, diagnosis are coded using International Classification of Diseases, Ninth Revision, Clinical
Modification (ICD-9-CM). An ICD-9-CM code consists of a three-digit category code plus additional fourth and fifth
digits to describe conditions in further details. The description of a four-digit code is therefore more specific than that
of its three-digit “super” code. As an example, 070 represents viral hepatitis while 070.0 stands for viral hepatitis A
with hepatic coma. In this study, we analyze liver diseases represented by groups of ICD-9-CM codes. Table 1 lists
the coding groups, where the three-digit codes include all the subsequent four- or five-digit codes.


Diagnosis coding group Description
070 Viral hepatitis
155 Malignant neoplasm of liver, primary
197.7 Malignant neoplasm of liver, secondary
570 Acute and subacute necrosis of liver
571 Chronic liver disease and cirrhosis
572 Liver abscess and sequelae of chronic liver diseases
573 Other disorders of liver
794.8 Abnormal results of function study of liver
864 Injury to liver


Table 1: Liver disease diagnosis coding groups analyzed in the study.


Behavior of liver disease diagnoses


Study population
This study utilizes a longitudinal claims database developed by VeRisk Health Inc.1 The study population includes
members that have at least four consecutive years of claims history starting from the date of their first claim in the
database and at least one pharmacy claim. This inclusion criteria results in a population of 487,789 members. Among
these members, 41,283 have at least one claim that includes a diagnosis of liver diseases.


Correlations
Traditional multiple hypotheses testing methods assume independence of the hypotheses being tested[1] and hence
the resulting adjustment methods for multiple testing such as Bonferroni correction and S̆idák correction are not
appropriate for dependent hypotheses. To mitigate the risk of producing excessive false positives or overlooking true
positive signals, permutation-based methods to adjusting for dependence in genome-wide association studies have
been proposed [2, 3]. These methods can be extended to drug safety studies.


A successful drug safety surveillance system needs to monitor multiple adverse events, and hence one needs to
understand correlations between adverse events to ensure statistical validity and precision. In the case of liver dis-
eases, it is likely that several diagnoses are found in the claims of a single patient within a month or even on a single
day. Below we analyze the correlations between different diagnosis codes from all members who have liver diag-
noses. Table 2 lists the diagnosis pairs with the highest correlation coefficients. There is a high correlation (0.353)
between primary liver cancer (155) and secondary liver cancer (197.7), a moderate correlation (0.104) between acute
and subacute necrosis of liver (570) and liver abscess and sequelae of chronic liver diseases (572) as well as between
liver abscess and sequelae of chronic liver diseases (572) and primary liver cancer (155). These correlations are not
surprising as when a cancer is first discovered in the liver, it is often not clear if it is primary or secondary. Through
biopsy or other procedures the nature of the cancer may be identified, and the diagnosis is updated accordingly. Acute
and subacute necrosis of the liver (570) are often results of toxicity (e.g., mushroom, alcohol, or drugs). Sequelae of


1Verisk Health Corporate, 130 Turner Street Seventh Floor, Waltham, MA 02453. http://www.veriskhealth.com/.
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Diagnosis Diagnosis Correlation
Malignant neoplasm of liver, primary (155) Malignant neoplasm of liver, secondary (197.7) 0.353
Acute&subacute necrosis of liver (570) Liver abscess&sequelae of chronic liver diseases


(572)
0.104


Liver abscess&sequelae of chronic liver diseases
(572)


Malignant neoplasm of liver, primary (155) 0.104


Other disorders of liver (573) Malignant neoplasm of liver, primary (155) 0.067
Other disorders of liver (573) Malignant neoplasm of liver, secondary (197.7) 0.051


Table 2: Most correlated liver diagnoses and correlation coefficients.


chronic liver disease (572) can be a consequence of acute or subacute necrosis from which a patient does not fully
recover. Finally, it is known that any chronic liver disease is associated with an increased risk of liver cancer, hence a
correlation between sequelae of chronic liver disease and liver cancer is unsurprising.


Patterns in diagnosis coding sequences
A natural question to ask is how do a member’s liver diagnoses evolve in his/her claims history? To answer this
question, we first look at the number of diagnosis codes that members have during at least four consecutive years.
Notice that consecutive repeats of a code is regarded as one code, whereas returning to one code from a distinct code
is regarded as a different code in a sequence. Again we focus on members having at least one liver code in their
claim histories. We find that 78.1% of the population have only one code, 93.5% have at most three, and 1.9% have
more than seven. As an example of coding sequences, Figure 1 plots a code sequence of a member who suffered
chronic liver diseases. This member experienced nine changes in liver diagnoses during 3.3 years, switching between
abnormal results of a liver scan (794.8), other disorders of liver (573), and chronic liver disease and cirrhosis (571).


 


573 


573 573 


3 repeats 


571 794.8 


2 repeats 


794.8 


5 repeats 


794.8 794.8 


3 repeats 


571 
1003 days 0 day 156 days 4 days 


3 days 


33 days 1 day 18 day 


Figure 1: Sample sequence of liver diagnosis codes. 794.8: abnormal liver scan, 573: other disorders of liver, 571:
chronic liver disease and cirrhosis.


Next we consider how the diagnosis codes are distributed in the study population. Here each code is counted only
once if a member ever has this code despite of the fact that each code can repeat or be recurrent. For example, the
member shown in Figure 1 has three codes: 794.8, 573, and 571. We find that codes 794.8, 571, and 573 are the most
frequent diagnoses, found in 38.9%, 36.9%, and 36.2% of the population, respectively. Next are codes 070 and 572,
experienced by 10.4% and 2.5% of the population, respectively. Each of codes 155, 197.7, 570, and 864 is found in
less than 2% of the population, and 4.7% in the aggregate.


Now we analyze the most common sequences of codes. Since 93.5% of the population have diagnosis sequences
of three codes at most (returning to one code from a distinct code is regarded as a different code), we focus on analyzing
sequences of no more than three codes. Denote the ith diagnoses in a sequence by xi, i = 1, 2, 3..... If a sequence has
only one code, x2 = ∅. Similarly, if a sequence has only two codes, x3 = ∅. Table 3 lists the most common single
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Figure 2: Common 3-code sequences. The most frequent sequence starting from a first code is shown in the top row.


P (x1) P (x1|x2) P (x3|x1, x2)
x1 = 794.8 0.33 x2 = ∅ 0.8


x2= 571 0.12 x3 = ∅ 0.54
x3=7948 0.33


x1 = 571 0.28 x2 = ∅ 0.8
x2= 794.8 0.08 x3 = ∅ 0.56


x3=571 0.37
x1 = 573 0.28 x2 = ∅ 0.8


x2= 794.8 0.08 x3 = ∅ 0.59
x3=573 0.24


Table 3: Common single diagnoses and sequences of two and three codes.


diagnoses and sequences of two and three codes, and the corresponding conditional probabilities. For instance, the
most common single diagnosis is abnormal liver scan (794.8), followed by chronic liver disease and cirrhosis (571)
and other disorders of liver (573); the most common 2-code sequence is abnormal liver scan→chronic liver disease
and cirrhosis (x1=7948, x2=571); the most common 3-code sequence is abnormal liver scan→chronic liver disease
and cirrhosis→abnormal liver scan (x1=7948, x2=571, x3=7948). It can be interpreted as that 33% of the members
who ever have liver codes start with an abnormal liver scan, and 80% of these members are not diagnosed subsequently
whereas 12% of them are diagnosed as chronic liver disease and cirrhosis. Not surprisingly, having multiple abnormal
liver scan is quite common once a member is diagnosed as chronic liver disease and cirrhosis or other disorders of
liver. Figure 2 shows common three-code sequences. Interestingly, a three-code sequence is more likely to traverse
back to the starting code than to arrive at a new code.


In addition to sequences, time between codes also plays an important role in understanding the behavior of liver
diagnoses. Particularly, as our ultimate objective is to design an effective long-term drug safety surveillance, how long
a typical progression of liver disease takes (reflected as the duration of a sequence) is an essential factor to consider
when we design an observation horizon. Therefore, we study the distribution of days between different diagnoses.
Table 4 lists the mean, the median and the top 5 percentile value of time between x1 and x2, x1 and x3, x1 and x5,
x1 and x10, and x1 and x20. For example, a 3-code sequence on average can be detected in 425 days (1.2 years) after
the onset of the first code. 95% of 3-code sequences can be observed in 1500 days (4.1 years) after the onset of the
first code, whereas 95% of 20-code sequences need 2154 days (5.9 years) to be observed. Note that these estimates
are affected by members’ individual membership duration in the database.


Rare diagnoses
Other than common diagnoses, rare diagnoses (e.g., liver cancer) are of great importance when the target is to detect
severe or fatal adverse drug events. Define the duration of a liver diagnosis sequence as the time between a member’s
first diagnosis (not limited to a liver diagnosis) in the database and the last liver diagnosis. Table 5 compares the
average duration of the sequences containing primary liver cancer (155) or secondary liver cancer (197.7) to that of
the sequences not containing either cancer code. For short sequences (length=2, 3, or 5), the ones containing cancer
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Mean Median Top 5%
x1 to x2 321 78 1365
x1 to x3 425 195 1500
x1 to x5 621 441 1715
x1 to x10 885 845 1869
x1 to x20 1048 1026 2154


Table 4: Descriptive statistics of time (days) between diagnoses.


Sequence length Containing 155 Containing 197.7 No 155 or 197.7
2 1511 1940 1326
3 1595 1598 1346
5 1718 1772 1516
10 1641 1754 1755
>10 1688 1728 1794


Table 5: Average duration (days) of sequences containing primary liver cancer (155), secondary liver cancer (197.7),
or neither.


codes have longer durations on average than those not containing cancer codes; however for longer sequences (length
≥10), the average durations of these two types of sequences become close, both reaching 5 years. Moreover, time
until the first incidence of common liver codes (e.g., 571, and 794.8) and the rare liver codes (e.g., 155 and 197.7)
differs significantly on average. Table 6 lists time to the first incidence of codes 571, 794.8, 155, and 197.7. It takes
one more year (370 days) on average to observe the first incidence of code 155 than to observe that of code 794.8.
Here we evaluate the time until the first incidence of codes in two cases. The first case is that all members having liver
diagnoses are included (n=41,283). The second case is that those who have liver codes during the first year of their
claims history are excluded (n=31,729). These excluded members may represent a group with pre-established liver
conditions. In the second case (numbers are shown in parentheses in Table 6), time to the first incidence of a liver code
is therefore longer than that in the first case.


The above observations suggest that when choosing an observation horizon for a long-term drug safety surveil-
lance, one needs to carefully consider what types of signals are followed. If traditional “testing each code separately”
approach is taken, or if there is a pre-period in the testing design that eliminates members with any liver pre-conditions,
3 years may not be an enough time window to detect rare diagnoses which are often (but not always) results of other
conditions. If the target is to detect an increased risk of more common sequences, 2 to 3 years of observation could be
sufficient. On the other hand, if one is interested in sequences of more than three diagnoses, 4 years or longer period
is necessary.


Comparing diagnosis sequences in two periods


In order to determine whether drug-induced toxicities accumulate over time, we need to compare outcomes in disjoint
time intervals. In this section, we compare the behavior of liver code sequences in two observation periods.


Definition of periods
We define three consecutive periods for each member starting from the date of the member’s first claim in the database:


Diagnosis code Description Mean Median Top 5%
155 Primary liver cancer 1391(1572) 1505 (1589) 2397 (2431)
197.7 Secondary liver cancer 2458 (2659) 1549 (1593) 2395 (2411)
571 Chronic liver disease and cirrhosis 1153 (1390) 1077 (1293) 2242 (2322)
794.8 Abnormal liver scan 1021 (1295) 898 (1162) 2148 (2258)


Table 6: Time (days) to first liver diagnosis. Numbers in parenthesis are from members who do not have liver diagnoses
during the first year of their claims histories.
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a one-year pre-study period, a two-year Period I, and a two-year Period II, to contrast the behavior of diagnosis codes
during Period I and II. The pre-study period is used to exclude any members with pre-established liver conditions.
This criteria eliminates 5,580 members from 27,434 members who have at least one liver diagnosis and at least five
consecutive years of claims history, and hence the study cohort consists of 21,854 members. In addition, only first
incidence of a sequence is considered in each period.


Results
We find that the most common diagnoses during Period I and II are identical, and the population fractions of individual
diagnoses are similar, except that there are 5% more incidences of code 794.8 in Period I than in Period II, while Period
II has 2% more incidence of codes 573 and 571. Furthermore, the frequent 3-code sequences in the two periods agree
with the ones listed in Table 3. However, average time between diagnoses are shorter in Period II than that in Period
I. For instance, average time between the first and the third codes in period II is 96 days (median: 42 days), compared
to 118 days (median: 59 days) in Period I. Sequences in Period II run faster than those of same lengths in Period I.
For example, sequences of five codes in period II run for 169 days on average, from the onset of the first liver code
(median: 131 days), while those in Period I run for 249 days on average (median: 231 days). Considering members in
Period II have no liver condition in Period I, these results indicate that with a longer exposure to a potential source of
hepatotoxicity, those who initiate liver diseases later in fact develop a diagnosis sequence faster. It is worth noting that
because the database used in this study consists of claims from a population having at least one pharmacy claim, the
underlying characteristics of the study cohort might not be ideally representative of a general population. In addition,
we have not accounted for aging effects. A further population-wide study is needed to validate these observations.
The current results encourage more in-depth analyses of diagnosis sequences and their time durations for monitoring
drug effects on liver disease progression.


Discussion


Obtaining knowledge of long-term effects of drugs is an urgent task for today’s drug safety surveillance. In this study,
we characterize the behavior of diagnoses of liver diseases in claims data, as a fundamental step to investigate long-
term drug toxicities . Our results show that common liver diagnoses are correlated; liver diagnoses evolve as sequences
in one’s claims history, and most sequences consist of no more than three diagnoses; a longer time period is needed to
detect sequences of rare diagnoses; those who initiate liver diseases later tend to develop diagnosis sequences faster,
when we compare two periods of equal lengths. Furthermore, our analysis clearly shows that “one test fits all” may not
be the best surveillance design, rather the statistical testing needs to be tailored to the behavior of different diagnosis
codes, as they represent different conditions developed in distinct ways. Our next steps include validating the current
observations in a larger population-wide data set, developing and testing appropriate signals to detect increased risk in
long-term drug studies while maintaining statistical power. We conclude that understanding the behavior of diagnoses
of liver diseases in claims data offers valuable insights to the design of an effective long-term drug safety surveillance.
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Abstract


High-throughput sequencing technology is currently being applied to study the human microbiome. The human mi-
crobiome is the community of microbes that populate habitats on and around various body sites. A sample from a
subject is processed to create profiles that characterize the population of microbes; the ultimate goal is to find rela-
tionships between these microbiome profiles and subject physiology and health. In this paper, we address some of
the challenges that arise in the analysis of data generated in a microbiome experiment. First, we discuss methods for
visualizing microbiome data. Second, we describe procedures for assessing bias introduced in the sample processing
pipeline so that proper estimates of true abundances may be obtained. Finally, we describe a statistical hypothesis test
for confirming that groups of samples arise from different distributions.


Keywords: human microbiome; L1-norm principal component analysis; designed mixture experiment; Dirichlet dis-
tribution


Introduction


Microbiome experiments are among the newest in generating large biological data sets by leveraging advances in
sequencing technology. In human experiments, a sample is collected from a habitat such as the skin or saliva, DNA
is extracted from organisms in the sample, the bacterial sequences are amplified and distinguished from human DNA,
and a profile is generated that gives an indication of what organisms are present. The microbiome is known to play
an active role in disease and physiological condition, but the mechanisms of this role are not well understood. The
potential knowledge derived from these experiments has wide-ranging impact in the practice of medicine. Large
experiments characterizing “healthy” microbiome profiles [5] and those corresponding to specific disease states [11, 4]
are underway. At the end of each experimental pipeline, high-dimensional data sets demand sophisticated analysis
techniques.


Data with large numbers of variables and small numbers of observations is now commonplace due to microarray
and genome-wide association study (GWAS) experiments. Many techniques have been proposed to overcome the
challenges associated with such short-and-wide data sets. In this paper, we address some of the unique challenges
presented by microbiome data. We focus on a particular type of sequence data generated based on the 16S gene.
This gene is ubiquitous in prokaryotic organisms and yet species usually have unique sequences. Often microbiome
experiments focus on extracting a particular region of 16S rRNA and apply a taxonomic classification of the sequences
based on a reference database. The result is a data set with one row for each sample, one column for each taxonomic
unit, and entries indicating the number of sequences discovered.


1







Visualizing high-dimensional data such as microbiome data is essential to confirming non-random effects, and is
a step in analysis that is often tempting to skip in favor of more sophisticated methods. If a result cannot be visualized,
regardless of the method of discovery, then its presence is likely due to random noise rather than a true association.
Ecologists have long placed value on two-dimensional representations of high-dimensional data and have contributed
to the development of methods for principal coordinates analysis (PCoA). Microbial ecologists have followed suit
with microbiome data (see, e.g., [7]). Caporaso et al. [3] develop movies for a three-dimensional representation of
microbiome data over time. Segata et al. [10] have contributed other valuable visualizations of effects in microbiome
data, including the ability to view data in a cladistic context.


Another basic aspect of analysis of microbiome data that can be overlooked is a proper appreciation of the systems
that generate the data. Analysts have a tendency to view microbiome data as a fixed and final data set rather than the
outcome of an experiment. In a 16S rRNA experiment, bacterial DNA is extracted and subjected to a process called
PCR amplification. This process, and other factors including unknown and varying DNA copy numbers, contributes
to results that do not reflect the true quantities in original samples. These nonlinear transformations of the original
quantities in the final data mask the true abundances of organisms and complicate analyzing variation. Kanagawa
[6] and others have tried to address bias introduced by PCR. Alm [1] highlights problems with applying traditional
methods for analyzing variation in microbiome data. To date, a proper accounting of bias introduced at each step of a
microbiome experiment has not been reported.


After a microbiome data set has been properly curated, often the goal is to then find patterns that correlate with
the physiological and medical conditions of the human subjects. Confirming differences between groups of samples is
an essential task in understanding how the microbiome changes with conditions such as the presence and absence of
disease. Until recently, only non-parametric approaches for this task have been used. Schloss [9] reviews and compares
several of these techniques. La Rosa et al. [8] establish that microbiome profiles do not arise from multinomial
distributions and propose a parametric test for confirming differences based on the Dirichlet multinomial distribution.
They provide power calculations for a variety of scenarios; these calculations are not easily computed for the non-
parametric approaches.


In the remainder of the paper, we give brief overviews of methods of visualization of microbiome data, a proposed
experiment for uncovering bias in a microbiome experiment, and a method for confirming that groups of microbiome
profiles arise from distinct distributions.


Visualizing Microbiome Data


In this section, we suggest some traditional visualization methods that are well-suited to microbiome data, and describe
a recent method for PCoA. In a typical sample, between 5,000 and 30,000 sequences are assigned to taxonomical units.
We assume throughout the remainder of the paper that samples have been normalized by dividing by the total number
of sequences. A sample profile is therefore a vector of proportions of organisms present.


Figure 1 contains three visualizations of the same data generated at Virginia Commonwealth University [4], (un-
published data, The Vaginal Microbiome Consortium at VCU). The samples were collected from the buccal mucosa,
perineum, mid-vaginal wall, and cervix. In Figure 1(a), a two-dimensional visualization of the data is presented that
distinguishes the vaginal from non-vaginal samples. Among the vaginal samples, a continuum is observed between
those exhibiting profiles commonly-associated with healthy and unhealthy microbiomes. The plot is created by apply-
ing a method for PCoA based on a new method for principal component analysis called L1-PCA∗ [2].


PCoA is the name for a collection of methods for finding the best two-dimensional representation of data. In
its simplest form, PCoA is a plot of the scores of observations on the first two principal components of a principal
component analysis (PCA). By using PCA, the best-fitting two-dimensional subspace is determined by minimizing the
sum of squared distances of points to the fitted subspace. The scores on the first two principal components represent the
coordinates of points in the best-fitting two-dimensional subspace. In contrast to PCA, methods for PCoA typically
begin with a distance matrix that capture the distances between observations. Other methods can be derived by
changing the distance metric. L1-PCA∗ is a pure L1-norm PCA based on finding successive hyperplanes of best L1
fit [2]. The method exploits a unique relationship between L1-regression and L1-projection. The starting point for
L1-PCA∗ is not a distance matrix but is rather similar to PCA in that it seeks best-fitting subspaces. The use of the
L1-norm rather than the L2-norm as in PCA provides a robustness to outlier observations. This robustness is desirable
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(a) (b) (c)


Figure 1: Three visualizations of the same data: (a) plot of scores on the first two principal com-
ponents calculated using L1-PCA* [2], (b) heatmap, and (c) stacked bar plot.


in analysis of biomedical data.


Figures 1(b) and 1(c) are created using traditional visualization methods. Figure 1(b) is a heatmap where each
sample is represented by a column. The figure reveals that the buccal mucosa samples are dominated by Streptococcus
and the vaginal samples are dominated by Lactobacillus and Gardnerella. The stacked bar plot in 1(c) contains the
same information, but relative abundances of organisms are represented by area rather than colors. Each sample is
represented by a bar. Presence and absence of organisms is easier to assess using a heatmap, while relative abun-
dance of organisms is easier to observe in a stacked bar or stacked area plot. While these visualization methods are
well-established, choosing color palettes and methods for sorting observations to convey information properly can be
nontrivial tasks.


The Truth about Metagenomics


Microbiome data sets are the result of a multi-step experiment involving sample collection, DNA extraction, PCR
amplification, sequencing, and taxonomic classification. Technical variation is introduced at each step that clouds the
signal present in the data. Further, several of the steps introduce bias that transforms the signal. Bias may be due to
differential lysability in DNA extraction, primer design, PCR amplification, and sequencing protocol. In this section,
we propose a mixture experiment for modeling the bias introduced at each step in microbiome sample processing.


Figure 2 is a stacked bar plot of 39 replicate profiles of a mock community; that is, a sample created by mixing
known quantities of bacteria. The last bar presents the known proportions of organisms present in the samples. Vari-
ation is relatively low among replicate samples, but bias in the processing pipeline masks the true proportions of taxa
present in the mock community.


The mixture experiment that we propose involves a subset of a simplex centroid design, where ∼50-100 mock
communities are created with known concentrations of subsets of 6-10 organisms. Then we fit a model for mixtures
(either full or with a subset of interaction terms) that (1) tells us whether organisms work together to amplify their
observed abundance, compete to suppress other organisms’ observed abundances, or act independently and (2) gives
us a model that can be used to recover the “true” proportions in both mock and clinical samples. A model can be fit at
each step in the pipeline to determine how much bias is contributed by each procedure.


There are a number of challenges with implementing the results of such a mixture experiment. Some of the
organisms in clinical samples have not yet been discovered or their genomes have not been sequenced and their 16S
copy number is unknown and therefore they cannot be included in constructing the mock communities. For a particular
body habitat, there are usually 200-400 genera expected to be recovered from a population of human subjects. The
mixture experiment can only address the bias affecting a small subset of these organisms. Despite these drawbacks,
applying the mixture experiment to the “major players” first would go a long way to provide more detailed information
about true abundances and elucidate the nature of the effects of the processing steps on the data at the end of the
pipeline.
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Figure 2: Stacked bar plot presenting the proportion of genera present in replicate samples of a
mock community, together with the expected/theoretical yield.


Confirming Differences between Microbiome Profiles


The ultimate goal of any microbiome experiment is to find associations of profiles with health and physiology. There-
fore, techniques and tests for comparing groups of samples are essential. LaRosa et al. [8] present power calculations
for such tests involving the Dirichlet multinomial distribution, where the counts data are analyzed directly. In the
presentation here, we assume that the counts have been normalized to proportions and develop a log-likelihood ratio
test based on the continuous Dirichlet distribution.


The log-likelihood Dirichlet test is an alternative to multivariate analysis of variance (MANOVA), where data are
assumed multivariate normal. The Dirichlet distribution can take a variety of shapes and reflect more variation than
the multivariate normal. The Dirichlet distribution is a multivariate distribution with one shape parameter for each
component. If a vector of random variables has components that individually follow a Gamma distribution and are
independent except that their sum is one (as with proportions), then the vector follows a Dirichlet distribution.


The basic idea of the test is to fit a Dirichlet distribution to each of two groups of samples independently and
then to the pooled samples. If the fits of the individual distributions are determined to be significantly tighter than the
pooled distribution, then we may conclude that the two groups arise from different distributions. The log-likelihood
ratio serves as a test statistic that asymptotically follows a χ2 distribution with degrees of freedom equal to the number
of components in the Dirichlet distribution. For microbiome data, the components are comprised of a subset of taxa
and an “Other” component so that each observation is a vector that sums to one.


We conduct a type I error study and power analysis to compare the proposed test to MANOVA. For two dis-
tributions, we define the discrepancy ∆ to be the Euclidean distance between the vectors of shape parameters in
d-dimensional space. The data used in the simulation are based on samples from the Human Microbiome Project -
Core Microbiome Sampling Protocol A [5]. There are 139 buccal mucosa samples and 148 stool samples. When
∆ = 0, all samples in the simulation are drawn from the distribution fit to the buccal mucosa sample profiles. As
∆ is increased, half of the samples are drawn from the buccal mucosa sample distribution and half are drawn from a
distribution whose parameters are modified along the vector in d-dimensional space connecting the parameters for the
buccal mucosa sample fit distribution and the parameters for the stool sample fit distribution. All tests are conducted
at significance level α = 0.05. We selected the ten most prevalent taxa (by median) from each group plus an “Other”
group for the test.


Figure 3(a) contains the results of the type I error study and power analysis. The curves for ∆ = 0 indicate the
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tendency of the tests to confirm differences between groups of data when no difference actually exists; i.e, the type I
error. For MANOVA, this rate is usually between 4 and 5% which is expected given the level of significance used for
the tests. The Dirichlet test controls type I error more effectively, with rates around 1.0%. For ∆ = 0.5, the power
for the Dirichlet test and MANOVA are comparable. For ∆ ≥ 1.0, the Dirichlet test has at least as much power as
MANOVA for nearly all n, a difference that is particularly pronounced for small n.


The proposed test is applied to the problem of discriminating between groups of clinical samples taken from
different body sites. The null hypothesis, that the samples from different body sites arise from the same distribution,
is rejected for nearly every pair of body sites with p-values less than 0.00001 with few exceptions. Most of these
exceptions are for pairs of skin sites taken from symmetric sites. The success in discriminating between body sites
confirms the observed differences, and is an indication that the test is useful for discriminating based on other metadata.


To consider the magnitude of differences between microbiome profiles at the body sites, a heat map of the test
statistics (Λ) is plotted in Figure 3(b). As indicated by the orange triangles, the oral sites, skin sites, and vaginal sites
have greater within-group similarity than similarity with sites from other groups. Of the oral sites, the palatine tonsils,
throat, and tongue dorsum appear to have the most similar distributions. The distribution fit to the buccal mucosa
samples is most different from the other oral sites and from the distribution fit to the stool samples. The stool samples
and buccal mucosa samples seem to warrant their own categories of microbiome distributions, as indicated by the high
discrepancies with all other body sites.


In summary, the proposed log-likelihood Dirichlet test controls type I error better than MANOVA and provides
greater power at smaller sample sizes and discrepancies than MANOVA. The test is applied to discriminating between
body sites and confirms the known differences between different body sites while not confirming differences between
samples taken from symmetric body sites.
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Figure 3: (a) Results of a simulation study of type I error and power (%) as a function of sample
size (n/2 from each group) for the proposed log-likelihood Dirichlet test (green) and MANOVA
(red) for m = 10 (the number of taxa) and for the simulation based sequences from the V1-
V3 region of the 16S gene. The numbers plotted with each curve indicate the discrepancy (∆)
between the two distributions sampled during each iteration of the simulation. Curves are plotted
for ∆ = 0, 0.5, 1, 2, 4. (b) Heatmap of the test statistic Λ for V1-V3 samples from each pair of 18
body habitats on human subjects.
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Discussion


This paper addresses three important considerations when analyzing microbiome data: visualization, assessment of
bias, and testing for differences between groups of samples. A vitally important analysis step that is not covered here
involves assessing variation in microbiome data. Before reaching biological or clinical conclusions, one must establish
that the discovered effects properly account for technical variation, intraperson temporal variation, and interperson
variation.
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Abstract 
 


Cervical cancer, caused by the human Papillomavirus (HPV), is the second most common cancer in 
women after breast cancer. Proper screening through the Pap test can reduce cancer incidences by 60%. 
Abnormal Pap tests are followed by a colposcopy procedure in order to obtain further information. We 
propose a finite-horizon Markov Decision Process (MDP) to find the optimal screening policy for cervical 
cancer prevention. The model decides whether an additional screening should be performed beyond the 
annual Pap frequency and whether the Pap test should be bypassed in favor of a direct colposcopy to 
eliminate an additional procedure and trip to the doctor’s office. Decisions are made based on the 
women’s current diagnosis, age, HPV contraction risk, and screening results. The cost function considers 
the tradeoffs between prevention and treatment procedures and the risk of taking no action while taking 
into account the life-quality of patients. We apply the model to data collected from a representative 
sample of 1,141 Colombian women. The results suggest that in order to effectively track disease progress 
and avoid higher cancer rates and future costs, more frequent screenings should be carried out on patients 
with higher risk profiles. However, the annual guideline is sufficient for healthy women. 


 
Keywords: Cervical cancer screening, PAP test, Markov Decision Processes. 
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1. Introduction 
 
Cervical cancer in women is the second most common cancer around the world, and the first cause of 


cancer related deaths in Colombia [2]. Finding effective prevention policies can reduce the mortality by 
69% to 81% depending on the strategy [1], and also can decrease the incidence rates of cervical cancer, 
which is of high importance for Latin American health systems. In this paper, we propose a finite-horizon 
Markov Decision Process model to find an optimal policy for prevention of cervical cancer. We develop 
the model based on information provided by The Colombian National Cancer Institute (INC) and 
Colsubsidio, a Colombian health management company. 


 
Several mathematical models have been proposed to study cervical cancer through analyzing the 


natural history of the disease, the implication of the Human Papillomavirus (HPV) types on the disease, 
screening and prevention programs among others. Nevertheless, in these types of medical models the 
behavior of the natural disease varies across countries and regions. 


 
Gamboa et. Al. [1] asses the cost-effectiveness of cervical cancer screening in Colombia, and find that 


doing an HPV DNA test every 5 years is cost-effective only if the test does not exceed USD $31, 
otherwise doing PAP tests (with 1-1-3 scheme) is the most cost-effective strategy. Murillo [6] points out 
that it is not sufficient to only have high coverage of population, it is also important to do a follow-up for 
women with abnormal results in the Pap test. 


 
McLay and Merrick [5] develop a simulation-based optimization model to find the optimal age to 


begin performing screening and the results suggest that doing less screening per year reduces the cost and 
offers the same health benefits.  Schaefer et al. [7] describe MDP modeling as an appropriate technique 
for stochastic and dynamic medical decision-making. 
 
2. Problem Statement 
 


 Currently, the advice given by the Ministry of Health in Colombia is that all women above the age of 
25 and those below 25 who have already started their sexual activity, should repeat the Pap test in a 1-1-3 
scheme. This scheme implies performing the test in two consecutive years and repeat in three years if the 
results of the first two are negative, regardless of the individual risk factors of women. 


 
The principal screening procedures implemented in Colombia are the Pap test, colposcopy and biopsy. 


The Pap test diagnoses whether or not a particular patient has any abnormal cells in her cervix. Currently 
in Colsubsidio, if the result of the test is normal, the patient is recommended to perform a Pap test every 
year and the patient is classified as healthy. However, in the case of abnormal results, the patient must 
receive a colposcopy. Finally, according to the colposcopy results, the patient must receive a biopsy for 
determining the stage of the abnormality. 


 
Figure 1 shows the existing screening and treatment practice performed by Colsubsidio in cervical cancer 
patients. In this figure, circles represent the possible diagnosed states of a patient and rectangles the 
possible treatment that a patient can receive for each diagnosed state and her individual status (age and 
HPV risk). The diagnosis of atypical cells corresponds to Atypical Squamous Cells of Undetermined 
Significance (ASCUS). The Squamous Intraepithelial Lesion (SIL) can be classified as high (HSIL) or 
low (LSIL). Along with this, “Caut” refers to cauterization, “Con” refers to conization, “Hyst” refers to 
hysterectomy, “CH-R” to chemotherapy and radiotherapy, and “Pal” to palliative care.  
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Figure 1 - Current practice of Colsubsidio in screening and treatment of cervical cancer patients 


 
As discussed in the previous section, in our study we focus on the preventive part and not on the 


treatment decisions after the patient has been diagnosed with cancer. More specifically, we do not 
consider treatment decisions related to a cancer patient such as hysterectomy, chemotherapy, radiotherapy 
or palliative care. 
 
3. Model Formulation 
 


In this research our objective is to find the optimal prevention treatment policy for the current practice 
in Colsubsidio based on their personal information such as age, the type of virus acquired, the level of 
abnormality, and the record of the last Pap test performed. We formulate the problem as an MDP, 
minimizing the expected costs of screening and treatment over a finite horizon (expected normal lifetime 
of a patient) and propose optimal preventive policies for different categories of patients. 
 
3.1 Components of the MPD Model 
 


The model is designed such that it guarantees one Pap test per year for any given patient to accomplish 
the government regulation and Colsubsidio’s minimum requirements. Then after six months we evaluate 
the action of either repeating it, or performing a colposcopy without doing a prior Pap test. Otherwise we 
can decide to take no action. We choose the decision epoch of every 6 months and a finite decision 
horizon. We choose to model a finite horizon MDP since human patients have finite lifetime expectancy.  


 
We define the state space using three variables that describe the principal aspects regarding the status 


of a patient. We denote these variables by s, a and z. The first variable s corresponds to the current 
diagnosis of the patient including information about the risk related to the HPV type, if applicable. The 
second variable a represents the age of the patient that starts from 15 and goes beyond 65 years. Finally, 
the binary variable z tracks the record of the last screening test. A value of 1 indicates that the patient 
received a screening test in the last decision epoch and 0 if she did not. Table 1 describes the notation and 
all possible values that each variable can take on. 
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Table 1 - Feasible observations in the state elements 


 
 


The set of actions that can be taken include “taking no action” denoted as do nothing (DN), 
“performing a Pap test” referred to as Pap test (P), “performing colposcopy without doing Pap test” 
expressed as colposcopy (C). We do not take into account other procedures since they are mandatory as 
they follow directly from the state diagnosis and the individual condition of the patient. 
 
3.2. Data for Transition Probabilities 
 


The transition probabilities are calculated taking into account the possible transitions that a patient can 
make from a specific state as shown in Figure 2. The following assumptions regarding the progression 
and regression of the disease are considered: (1) The HPV risk of a patient cannot change in one decision 
epoch, because they are related with two different types of virus and a patient needs to get rid of one type 
to acquire the other. (2) All screening tests are 100% accurate, with complete sensitivity and specificity. 
(3) Once the cancer develops it never regresses without the treatment intervention. 


 


 
Figure 2 - Transition diagram for the MDP 


In order to find the transition probabilities we acquired information from different Colombian patient 
sources. For a population of Colombian women, Gamboa et al. [1] gives the transition probabilities 
between states for the natural behavior of cervical cancer. For the other two decisions, namely P and C, 
Colsubsidio provides information from their patients. 
 
3.3. Value Function 
 


The value function integrates the immediate and the future expected costs of taking an action. The 
immediate cost includes cost of the treatments performed in each state, and all costs related with the 
action taken, as well as an intangible cost related to the life-quality of a patient in each state. The future 
cost involves the optimal value function of the states that are reachable starting at a specific state.  


 
The cost of treatments in our model only takes values greater than 0 for HSIL and CA states as they 


are the only diagnosed states where the patients receive a treatment, as demonstrated in Figure 1. The 
second cost component depends on the possible actions namely, Pap test and Colposcopy, and considers 
the cost of a Biopsy if the patient has a second visit. The above mentioned cost components are listed in 
Table 2 along with their current values in Colombia (in US dollars).  
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Table 2 Costs of treatment and Cost that depend on the action 


 
Table 3 Life-quality associated with each state and range age 


 
 
The last component of the value function is the intangible cost. We include this cost through the value 


of life-quality related to each healthy state. We take the quality of life associated with all symptoms based 
on the HALex (Health and Activity Limitation Index) [4]. We consider the quality associated with each 
state including not only the health state but also the age. In Table 3 we show the life-quality associated 
with each state and age range, where the maximum value is 1, which represents a perfectly healthy state 
value, and the minimum value is 0, which means the worst state, death. 
 
3.4. Minimizing The Cost Function  
 


The MDP formulation shown in Equation (1) attempts to find the set of policies that minimize the 
costs across a finite horizon, where t is the decision moment, !! denotes the current state at time t, from 
the set of feasible states !!, and ! denotes the action taken from the set of feasible actions. Also, !!´ 
denotes the transitioning state from the set of feasible actions, !! !!´ !! ,!)  the probability of 
transitioning from !! to !!´ given action d, !!(!! ,!) represents the immediate cost at decision moment t 
of being in state !! and taking decision !, and !!∗ !!  is the minimal value at decision moment t for state 
!!. The immediate cost or !! !! ,!  is indicated Equation (2) and can be: !" !!  if the decision is Do 
Nothing, ! !!  if the decision is Pap test and ! !!  if the decision is Colposcopy. 


 


!!∗ !! =    min
!∈!!!


!! !! ,! +    !! !!´ !! ,!) ∗ !!!!∗ !!
!!∈!!


          ∀  !, !!                    (1) 


 
!! !! ,! =   min !" !! ,! !! ,! !!                                                     ∀  !, !!                      (2) 


 
3.5. Numerical Results  
 


The following results are calculated assuming that the outcome in screening tests follows a decreasing 
function probability according to a health status. For example, the probability that the Pap test has normal 
results for a patient that starts in the system as Healthy should be higher than for a patient that at the 
beginning is in a LSIL. Table 4 shows the results for optimal preventive policy given the data from 
Colsubsidio. We consider that the diagnosis of the patient deteriorates the normal outcomes probabilities 
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by decreasing in 10 % the initial probability, the one given by Colsubsidio and the one that characterizes 
the healthy state. We denote by 1 the Pap test, by 2 the Colposcopy and by 3 the Do Nothing decisions. 
For example according to these results, when a patient is Healthy receives a Pap test every year and a 
extra Pap test par year should not be perform until the patient reaches 65 years. If a patient has ASCUS 
and is older than 25 the optimal policy is to perform two Pap tests per year until the atypical cells are 
identified as dangerous or benign. Finally, if a patient is younger than 20, and has a lesion more severe 
that HPV she should always undergo a colposcopy. 
Table 4 Policy assuming probabilities of having normal screening outcomes reduced by 10% as the lifetime quality of health state decreases 


 
 
4. Conclusions 
 


We propose a finite-horizon MDP model to find optimal policies for cervical cancer prevention in 
Colombian women that consist not only of which screening test to perform but also the frequency of 
performing it, according to different conditions of the patient such as life-quality, age and her risk of 
acquiring Human Papillomavirus (HPV). 


 
An important follow up to this work is to obtain more specific data not only for the transition 


probabilities related to the HPV risk, but also for the intangible costs of each action in terms of adapting 
to analyze QUALY´s against just quality. In this work we take into account that the exams are 100 % 
accurate, so for future work it is of interest to consider the error margin that this type of exams has. 
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Abstract


This paper studies the impact of comorbidities, with a particular focus on mental disorders, on HIV patient outcomes
as measured by inpatient length of stay (LOS) and total charges. Generalized linear models (gamma models) are
developed to characterize the effects of selected comorbidities on HIV patient outcomes in the adult 2006 National
Inpatient Sample. Comorbid HIV patients experience different LOS and total charges. In particular, having mental
disorders results in a decrease in both LOS (by 19%) and total charges (by 15%) for HIV patients. To characterize
the role of individual mental disorder, principal component and cluster analyses on ICD-9 codes are used, and eight
conditions are found to be most strongly associated with HIV. These results suggest the complexity and combination
of these conditions necessitate an integrated approach for diagnoses, treatment and disease management of comorbid
HIV patients, particularly those with substance abuse and depressive mood disorders.


Keywords: Gamma Model, Principal Component Analysis, Cluster Analysis, HIV, Mental Disorder


Introduction


HIV is a life-threatening infectious disease that can lead to AIDS when the human immune system begins to fail. In
2007, 42,655 new cases of HIV/AIDS in adults, adolescents and children were diagnosed in the 33 states with long-
term, confidential, name-based HIV reporting [1]. While testing methods have improved, the CDC estimates as many
as one in five people are living with undiagnosed HIV. Our focus on HIV is based, in part, on its increasing prevalence
and incidence estimate in the United States [10].


Most research has focused on cost-effectiveness analysis or policy planning with respect to HIV in isolation.
However, patients with comorbid conditions tend to require additional resources and have different outcome patterns
than those with the same primary reason for admission but without additional conditions. A comorbidity refers to the
presence of one or more conditions (or diseases) in addition to a primary disease or disorder. Studying the impact of
comorbidities provides information regarding disease management, cost structure and resource utilization.


In this study, hypertension, diabetes, mental disorders and obesity are selected as comorbid conditions of interest
with respect to HIV, with a particular focus on mental disorders as they have been recognized to have special relation-
ship with HIV in the literature [2, 3, 4]. This study extends earlier research by quantifying the impact of these specific
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comorbidities on HIV inpatient length of stay and total charges by using generalize linear models (gamma models) [5].
In addition, variation reduction techniques including principal component analysis and cluster analysis [6] are used
to identify specific mental disorder conditions that are most highly associated with HIV patients, and to identify the
relationship between these conditions. This, in turn, will help physicians and/or policymakers better identify specific
patient groups who may be at greater risk for HIV infection, and the hospital resources can be better planned with
estimate on length of stay and total charges given the specific comorbid mental conditions.


Data


The 2006 Nationwide Inpatient Sample (NIS) data by Agency for Healthcare Research and Quality (AHRQ) [7] are
used for this study. Only those patients who were 18 and older are considered in this analysis, resulting in 6,712,893
observations. ICD-9-CM diagnosis codes are used to identify HIV patient group (042), as well as comorbid conditions
of interest: hypertension (401-405, 430-438, 4258, 4290-4293, 4298-4299, 7962, 36211), diabetes (250), mental
disorder (290-311) and obesity (27800, 27801, 27802, V85.30-V85.4). This paper only focuses on primary HIV
patients (i.e., HIV is considered the primary condition for hospitalization as defined by diagnosis code DX1), and
comorbid conditions are determined if associated ICD-9 codes appear in any of the diagnosis codes DX2 to DX15.


The outcome measures (response variables) include data fields for length of stay (LOS), total charges (TOTCHG).
In addition to the ICD-9 codes identifying HIV and comorbid conditions, other exploratory variables are extracted
including patient age at admission, gender, race, admission type (ATYPE), total number of diagnoses (NDX), total
number of procedures (NPR), vital status (DIED) and indicating variables for transferred (DISPUniform).


Generalized Linear Models (GLM)


Both length of stay and total charges are positive observations, and belong to the exponential family. It is hypothesized
that the variance of observations may not be constant [8]. A least squares model is first built with White test to check the
heteroscedasticity, and a p-value<.0001 strongly suggests rejecting the null hypothesis that the variance of residuals
is homogeneous. Thus, generalized linear models, considering mean and variance simultaneously, are developed to
study the impact of comorbidity on patient length of stay and total charges. A gamma model is selected since it is
commonly used for analyzing positive observations [11, 12], and the model checking using Akaike information criteria
has suggested a better fit over log-normal model, another popular model for positive observations.


The expected value of dependent variable Y (LOS and TOTCHG), is related to linear predictor through a mono-
tonic differentiable linear function g, in the form of the following:


𝑔(𝐸(𝑌 )) = 𝑔(𝜇) = 𝑋𝛽 (1)


where 𝑋 is the vector of independent variables, and 𝛽 is the vector of corresponding coefficients, which are estimated
with maximum likelihood.


The variance of the response variable depends on the mean through a variance function V:


𝑉 𝑎𝑟(𝑌 ) = 𝑉 (𝜇) = 𝑉 (𝑔−1(𝑋𝛽)) (2)


In the gamma model, a log link function 𝑔(𝜇) = 𝑙𝑜𝑔(𝜇) is selected, and the associated variance function for
gamma distribution is 𝑉 (𝜇) = 𝜇2.


The independent variables (X) for the linear predictor include variables of patient demographics and admission
information as introduced in the data section, dichotomous variables for individual diseases and interaction terms
between HIV and each comorbid condition. Three-way or higher interaction terms are excluded from the model
because none have significant coefficient of estimates.


The Akaike information criteria (AIC) for the gamma model is


𝐴𝐼𝐶 = 2𝑃𝑔 − 2𝑙𝑔(𝜃) (3)


where 𝑝𝑔 is the number of parameters in the gamma model, and 𝑙𝑔(𝜃) is the log likelihood function for the estimated
model.
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Principal Component and Cluster Analysis


In the GLM analyses above, 30 ICD-9-CM codes (290-319) are used to identify mental disorders. This is a broad
category, and the goal of the PCA is to identify the most related of the 30 ICD-9 mental disorder codes for HIV pa-
tients. PCA provides a better understanding of the data by interpreting fewer principal components (PC) and removing
unnecessary information.


PCA is related to Eigenvalue/Eigenvector theory. Specifically, it can be seen that


𝜆𝑖𝑃𝑖 = 𝜎𝑖𝑃𝑖 (4)


where 𝑃𝑖 is the 𝑖th Eigenvector of the covariance matrix 𝑋; 𝜎𝑖 is the variance of 𝑖th PC, and 𝜆𝑖 is the corresponding
Eigenvalue. The total variance of the system is the sum of all Eigenvalues. The 𝑖th PC will explain 𝜆𝑖/(𝜆1 + 𝜆2 +
...+ 𝜆𝑛) proportion of variance.


Because n is large, n=30, the PCs are selected that explain 95% of the variance and thus reduced dimensionality
of the ICD-9 codes. After the principal components are selected, for each variable the weighted score is determined by
multiplying each PC vector by the corresponding Eigenvalue. Variance structure is used because indicator variable is
created for each mental illness and thus the analysis does not have scaling problems. The variables with higher scores
are selected because they corresponded to the most prevalent conditions for HIV patients.


CA is closely related to the PCA and also relies on the exploration of the Eigen structures in the dataset. Unlike
other cluster analysis on observations (data entries), this study aims to cluster variables (data fields). It explores the
correlation among variables and identifies the most significant condition within each cluster. This helps to determine
the number of variables necessary for study and to identify what conditions have high correlation with each other.


The CA analysis is performed in SAS according to the following algorithm: cluster components (similar to the
principal components) are computed in each iteration, and each variable is assigned to the component with which it
has the highest squared correlation. It is then tested to see if the amount of variance explained increases if the variable
is assigned to another cluster [9]. The most important variable (ICD-9 code for specific mental disorders) is selected
from each cluster, i.e., the variable that has the greatest correlation with its own cluster and least correlated with other
clusters. The ratio (1 - R-square) is used to identify these variables. Together with PCA, the dimension of the variables
is reduced, and the mental disorders that are most related are identified for the group of primary HIV patients.


Results


GLM results (Table 1) have shown that HIV has a significant impact on both LOS and total charges. The condition
increased LOS by approximately 60% (exp(0.4733)-100%) and increased total charges by 76% on average assuming
no comorbid condition is present while holding the other independent variables fixed (the same assumption holds for
the following discussion). Compared to other races, white patients had significantly shorter LOS but higher charges,
while other races had significantly longer LOS and higher charges (except for Native American). For admission type,
only type ”New born” had no significant difference in LOS with other admission type.


When looking at the effects of comorbidities on total charges and LOS, the data indicated that hypertension (in
LOS only) and obesity (in both LOS and total charges) did not have significant interaction with HIV. Interestingly,
the comorbid conditions did not increase length of stay or total charges as the impact of HIV dominated because the
absolute coefficient associated with the presence of HIV was much higher than other coefficients. For example, mental
disorders decreased length of stay for HIV patients by almost 19%, decrease charges by approximately 15%. The AIC
for the LOS model is about 31,205,809 and 143,874,439 for total charges. The high AIC is due to the complexity of
dataset which has large number of data fields and observations.


The results for the principal component and cluster analysis are shown in Table 2. Ten components that explained
94.59% of the total variance are used in PCA to calculate score for each conditon. There are eight clusters with the
corresponding ICD-9 codes shown in column 2. Based on the (1-R-square) ratio in column 3, the most important vari-
ables are highlighted in bold, and the corresponding scores calculated from PCA are summarized in the last column.
These results suggest that ”Nondependent abuse of drugs” had a much higher score compared to other conditions.And
the most related conditions also include depression, anxiety and mood disorders.
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Table 1: Results for Gamma Models on Length of Stay and Total Charges


LOS Total Charges LOS Total Charges


Covariate Estimate p-value Estimate p-value Covariate Estimate p-value Estimate p-value
Intercept 0.7337 < .0001 9.3302 < .0001 NDX 0.0743 < .0001 0.0422 < .0001
AGE 0.0017 < .0001 0.0057 < .0001 NPR 0.0772 < .0001 0.2274 < .0001
FEMALE -0.0765 < .0001 -0.1653 < .0001 DIED 0.277 < .0001 0.2125 < .0001
RACE1 -0.0264 < .0001 0.0215 < .0001 Transferred 0.4166 < .0001 0.2644 < .0001
RACE2 0.1628 < .0001 0.1144 < .0001 HIV 0.4733 < .0001 0.5654 < .0001
RACE3 0.0268 < .0001 0.0976 < .0001 H -0.1131 < .0001 -0.012 < .0001
RACE4 0.0589 < .0001 0.075 < .0001 D -0.0591 < .0001 -0.0074 < .0001
RACE5 0.0238 < .0001 -0.0543 < .0001 M -0.1173 < .0001 -0.0202 < .0001
ATYPE1 0.0801 < .0001 -0.36 < .0001 O -0.0508 < .0001 0.0679 < .0001
ATYPE2 0.0802 < .0001 -0.4985 < .0001 HIV×H -0.0153 0.2884 -0.0663 < .0001
ATYPE3 -0.0092 < .0001 -0.3233 < .0001 HIV×D -0.1223 < .0001 -0.052 0.0214
ATYPE4 0.0125 0.716 -0.5672 < .0001 HIV×M -0.0879 < .0001 -0.1369 < .0001
ATYPE5 0.2503 < .0001 0.2054 < .0001 HIV×O 0.0151 0.803 0.0153 0.8052


Note: 1) Race: 1-White 2-African American 3-Hispanic 4- Asian or Pacific Islander 5- Native American 6- Other.
2) Admission type: 1-Emergency 2-Urgent 3-Elective 4-Newborn 5-Trauma Center 6-Other. 3) H = hypertension, D
= diabetes, M = mental disorder, O = obesity


Discussion


This study modeled and characterized the role of mental disorders on HIV patient outcomes. It first explored the
impact of selected chronic comorbid diseases on HIV patient outcomes. While the results indicated HIV was the
dominating condition that resulted in high total charges and longer lengths of stay, comorbid conditions affected HIV
patient outcomes.


A particular focus for this paper was on mental disorder impact. Principal component and cluster analyses were
used to identify the most correlated mental disorder conditions for HIV patients and reduced the number of ICD-9
codes required to capture mental disorders for HIV patients for future research. The most important conditions were
drug-related mental disorders (304, 305), mood disorders (296), depression (311) and anxiety (300). This finding
suggests that policymakers must focus on these conditions regarding HIV. Further, clinicians should implement an
intregrated health services delivery approach to adherence and treatment to better address chronic diseases and their
severity with comorbidity. Druss and Rosenheck [13] reported that, ”Successful treatment of mental disorders by
primary care physicians has been found to involve a combination of patient education, outcomes assessment and
access to psychiatric consultation.”


Specifically and in terms of clinical care, the results provide insight into the complexity of treating and managing
complex, multi-comorbid patients. Hence, treatment and service delivery to comorbid HIV and mental health partients,
particularly those with substance abuse conditions and depressive mood disorders, requires multispecialty service
delivery. That is, the infectious disease specialist, psychiatrist and substance abuse counselor and/or social worker can
form a multispecialty core team to treat and manage comorbid conditions.
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Table 2: Results for Principal Component and Cluster Analysis


Cluster ICD-9 1- R2 Ratio ICD-9 Codes Description Score


1


305 0 Nondependent abuse of drugs 0.3892
313 0.9998 Disturbance of emotions specific to childhood and adolescence
315 1.0004 Specific delays in development
316 1.0015 Psychic factors associated with diseases classified elsewhere
318 1 Other specified mental retardation
319 1.0012 Unspecified mental retardation


2
292 0.9635 Drug-induced mental disorders
293 1.0034 Transient mental disorders due to conditions classified elsewhere
304 0.0006 Drug dependence 0.1670


3 311 0 Depressive disorder not elsewhere classified 0.1533


4


296 0.0001 Episodic mood disorders 0.1394
301 0.9968 Personality disorders
308 1.0001 Acute reaction to stress
309 0.9986 Adjustment reaction
310 1 Specific nonpsychotic mental disorders due to brain damage
314 0.998 Hyperkinetic syndrome of childhood
317 0.9993 Mild mental retardation


5
290 0.9998 Dementias
294 0 Persistent mental disorders due to conditions classified elsewhere 0.1085
307 0.9999 Special symptoms or syndromes not elsewhere classified


6


297 0.9997 Delusional disorders
299 0.9998 Pervasive developmental disorders
300 0 Anxiety, dissociative and somatoform disorders 0.1121
302 0.9982 Sexual and gender identity disorders
306 0.9983 Physiological malfunction arising from mental factors
312 1 Disturbance of conduct not elsewhere classified


7 291 0.8952 Alcohol-induced mental disorders
303 0.0034 Alcohol dependence syndrome 0.0762


8 295 0.0002 Schizophrenic disorders 0.0706
298 1.0016 Other nonorganic psychoses
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Abstract


In order to find the most discriminating and reliable subsets of biomarkers for a given disease, we consider a node


and edge weighted network to represent the set of biomarkers and their interactions with respect to their influence


on disease development. Then, we formulate a Maximum Weighted Clique Problem (MWCP) to identify the most


important and fully connected subsets. To compute its solution, we develop an efficient algorithm that can deal with


real size biological networks. A set of computational experiments will be presented along with discussion of insight


on our solution strategy in solving biomarker identification problems.


Keywords: Biomarkers, Integer Programming, Maximum Weighted Clique, Synergy


Introduction
With unprecedentedly massive amounts of genome-wide genomic data generated by modern high-throughput biomolec-
ular technologies, including microarray data for studying complex diseases, such as cancer, one pressing challenge is
to analyze these high-dimensional data to identify effective biomarkers that are differentially expressed across differ-
ent phenotypes so that they can be used to improve disease prognosis and diagnosis [2, 4, 14, 16, 19]. As analyzing
high-throughput genomic data faces infamous “curse of dimensionality” with limited sample size, a subset of genetic
markers have to be selected from thousands of genes to improve predictive accuracy based on the given data set while
reducing dimensionality to avoid overfitting [14, 16, 19]. Due to the high computational complexity of finding the
optimal gene set as biomarkers, previous filter and wrapper methods typically first filter genes to reduce dimension-
ality based on their individual predicting performance [6, 19]. However, these greedy feature selection methods may
miss the genes whose interactions produce high predictive accuracy [14, 3], especially, when we consider the fact that
complex diseases including cancer are systems impairments due to the failure of the coordinated operations among
genes and gene products [6, 9].


In this paper, we propose to develop a novel network-based approach to identify highly discriminating biomarkers
by capturing both individual and interactive effects among genes based on an information theoretic framework [7,
3]. We construct an interaction network whose nodes represent all the genes in the study, whose predictive values,
measured by the mutual information between their expression profiles in microarray data and disease outcome, are
assigned to each node as the node prize. Significant interactive effects between pairs of genes, defined by their


1Acknowledgments: The project was supported by Award Number R21DK092845 from the National Institute Of
Diabetes And Digestive And Kidney Diseases. The content is solely the responsibility of the authors and does not
necessarily represent the official views of the National Institute Of Diabetes And Digestive And Kidney Diseases or
the National Institutes of Health.


1







synergistic predictive values [3], are represented by the edge weights in the network. To identify highly discriminating
biomarkers, we present a general graphical model based on this interaction network with an objective function for
feature selection considering their global effects. Mathematically, our network-based biomarker identification can be
solved as a Maximum (Node and Edge) Weighted Clique Problem (MWCP) to select subsets of nodes with the largest
sum of both node and edge weights. We develop a new fast algorithm to solve the MWCP in this brief paper.


Maximum Weighted Clique Problem (MWCP)
Given a network G(V,E), in which V = {v1, ..., vn} is the set of nodes and E ⊆ V × V is the set of edges with eij
denoting the edge connecting vi to vj , a clique C is a subset of V such that every pair of its nodes are connected by an
edge in E. Let functions p : V → R and w : E → R associate node prizes and edge weights respectively. The weight
of a clique C can be computed as


W (C) =
∑
vi∈C


p(vi) +
∑


eij∈EC


w(eij), (1)


where EC ⊆ E is the set of edges in C induced from E. For a MWCP, we search for C with the largest W (C).


Note that the classical Maximum Clique Problem (MCP) is a special case of the MWCP with p(·) = 1 and
w(·) = 0. Given that MCP is NP-hard, it follows directly that MWCP also is an NP-hard problem. Existing research on
MWCP in the literature [11, 5, 20, 8, 17, 13, 1, 15] typically considers either weights on nodes only or weights on edges
only [13]. Such a focus enables efficient algorithms which fully explore network structures. Especially, MWCP with
weights only on nodes is closely related to maximum weighted independent set problem (MWISP). Hence, algorithms
for either problem can be directly benefited from insights and understanding on the other one [13]. To the best of our
knowledge, MWCP with weights on both nodes and edges has been a less investigated problem. An important reason
is that much less structural information can be utilized by just focusing on network topology, especially for the cases
with non-restricted weights. Note that, from the mathematical optimization point of view, MWCP with weights on
both nodes and edges can be formulated as a (unconstrained) binary quadratic optimization problem, which shares the
same form of MWCP with weights on edges only. Therefore, heuristic algorithms [1, 15] for the latter one could be
modified to solve the former problem. In addition, solution procedures [12, 10] to (unconstrained) binary quadratic
optimization problems can be applied directly. However, those algorithms either cannot guarantee the quality of the
solution or fail to solve large-scale instances, especially those arising in biomedical applications.


Integer Programing (IP) Formulation
MWCP can be formulated as the following binary quadratic programming model – MWCP− IP. Let A denote the
adjacency matrix of G(V,E), i.e. Aij = 1 if eij ∈ E and 0 otherwise. We have


MWCP− IP : max
∑
i


p(vi)Xi +
∑
i


∑
j>i


w(eij)XiXj (2)


s.t. XiXj ≤ Aij ∀i < j (3)
Xi ∈ {0, 1} ∀i, (4)


where Xi = 1 if vi is selected to be in the clique and 0 otherwise. The goal is to maximize the objective function
(2), equivalently W (C) in (1), under the constraints (3) and (4), which guarantee that the solution forms a clique. One
can linearize MWCP− IP by introducing new variables and constraints, and then solve it using commercial mixed
integer programming solvers. However, it will drastically increase the size and the complexity of the model, which
will be computationally prohibitive for large-scale networks, such as the one described in our experiments. We here
seek to develop more efficient algorithms that are suitable for large-scale problems.


Exact Algorithm
To deal with MWCP with weights on both nodes and edges, we have designed an exact algorithm that extends the
backtrack search procedure in [11] that considered edge weights only. We include a new pruning strategy to enhance
the efficiency of our algorithm.


The idea of the backtrack search in [11] is as follows. First we sort all nodes according to a specific criterion to
obtain an ordering. Note that ordering will not affect the quality of the final solution. Let V = {v1, ..., vn} denote the
set of ordered nodes. Also, let GS(S,ES) denote the sub-network induced by S ⊆ V . The algorithm then considers a
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Figure 1: Search for a candidate clique. Three sets are respectively the forming clique, U , and P .


series of subsets Vi = {vi, ..., vn} starting with i = n. It finds the maximum weighted clique in GVi
that includes vi.


Note that the best clique in GVi
that does not include vi has


already been discovered in GVi+1
. By keeping track of the


best clique found so far, from Vn to V1, the maximum weighted
clique of G can be obtained when Vi = V .


We have tested different ordering strategies and the one
made by increasing total weight (node and edge) seems to be a
good one. Total weight of node vi is p(vi)+


∑
vj∈N(vi)


w(eij)


where N(vi) is the set of nodes adjacent to vi. In GVi
, to


find its maximum weighted clique, we maintain three sets, the
forming clique, i.e. a subset of nodes already selected to be in
the clique, the working set denoted by U , i.e. a subset of nodes
that could be added to the forming clique, and P , the set of
current node weights. Initially, the forming clique set is empty,
U is equal to Vi and P is the set of original node weights.
When a node is selected to be added to the forming clique, we
update U and P . The new node and all other nodes that are not
connected to it will be removed from U . The members of P
corresponding to the removed members of U will be removed
as well. Then each member of P will be incremented by the
weight of edge connecting it to the new node (See Figure 1).
We keep adding the nodes until there is no node with positive
weight in U , indicating the weight of the forming clique can
not be increased.


To enhance the computational performance in our new algorithm, for any working set U , we find an upper bound
for the weight of the maximum weighted clique. If the weight of the form-
ing clique together with the upper bound is less than the weight of the best
clique found so far, it is not necessary to explore U , i.e. U is pruned. We
have devised two upper bounds. The first upper bound, UB1, is simply the
summation of all positive members of P and positive edge weights in GU .
If UB1 fails to prune U , we apply the second upper bound which is tighter
but takes more time to compute. Let n, m denote the number of positive
node weights and positive edge weights in GU respectively. Also, let s be
max


{
n, {i ∈ N : i(i−1)


2 ≤ m}
}


, i.e. the maximum cardinality of the
maximum weighted clique in GU . We introduce the second upper bound


as UB2 = max
0≤i≤s


{
i∑


j=1


p(j) +


i(i−1)/2∑
j=1


w(j)}, where p(j) and w(j) are the j-th


largest node and edge weights in GU . UB2 is basically the maximum of the weights of all cliques that could be made
by the largest node and edge weights.


Our algorithm contains three major functions. The main function reads in data, calls other two subroutines—
find and pruned—iteratively to find the maximum weighted clique. Function find(U,P,CliqueWeight) finds the
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Table 1: Experimental results for random networks.
|V | Density% Iterations Pruned% CPU sec
50 95 55225267 49.9 117.9
50 80 44838 50.0 0.08


100 80 17138065 49.9 65.6
100 70 759825 50.0 2.2
200 70 80567335 50.0 564.5
200 50 486956 50.0 2.2
500 50 72552815 49.9 922.9
500 40 4681656 49.9 57.7
500 30 586762 49.8 5.6


1000 30 10447162 49.9 218.5
1000 20 1005971 49.5 17.0
1000 10 77288 49.2 1.2
2000 15 3552043 49.0 108.4
2000 10 470788 48.6 18.7
2000 5 132665 46.5 3.1


maximum weighted clique in the working set U with node weights P when the current weight of the forming clique is
CliqueWeight. V,E, VW , EW are the ordered node set, the edge set, the corresponding node weight set and the edge
weight set of the original network, respectively. Function pruned(U,P,CliqueWeight,BestWeight) returns true
if the current working set U with set of node weights P can be pruned by an upper bound, and returns false otherwise.
P ′ is the set of node weights corresponding to U ∩ N(u1). Variables found,BestClique,BestWeight, V, E, VW


and EW are global variables to carry information or data.


Experimental Results
1. Random Networks


To evaluate the efficiency of the algorithm, we have created a set of random networks. In random networks, nodes
are connected randomly with node weights uniformly distributed between −1 and 1 while edge weights are randomly
distributed between −0.5 and 0.5. Table 1 gives the running time of our solution algorithm with random networks of
different size and density. These values are based on a C++ implementation on a standard PC with a 2.2 GHz CPU
and 2Gb RAM. They are considered as rough indices to show that the algorithm is efficient and scalable with the size
of the networks with the reasonable density.


2. Colon Cancer Classification


For a preliminary test of our network-based method for disease diagnosis, we have applied the method to identify
biomarkers for a public colon cancer data set, which consists of expression profiles of 2000 genes in total using an
Affymetrix oligonucleotide array from 22 normal and 40 colon tumor tissues [2]. We first construct the interaction
network, in which each gene is represented by a network node vi. We compute the mutual information between the
corresponding gene expression xi and the sample label (normal vs. tumor) c: p(vi) = I(c;xi) = H(c)−H(c|xi) [7] as
the node weight. The edge weights in the network are computed based on the concept of synergy first given in [3]. For
an edge eij between two genes vi and vj , w(eij) = I(xi, xj ; c)− [I(xi; c)+ I(xj ; c)]. Note that the synergy measures
the amount of information which is due to the cooperative interaction of two genes with respect to the disease. To
compute these weights, we discretize the expression level of a gene into two levels with the cut-off threshold 0 so that
a gene can be either up-regulated or down-regulated. Furthermore, to avoid having spurious weights due to the small
sample size of the cancer data set, we have only kept the significant individual and synergistic weights with p-values
smaller than 0.01 and set the other weights to be 0 based on a permutation test, which randomly permutes the sample
labels 100 times to obtain a background distribution of the corresponding weights.


With the computed interaction network, we implement our MWCP solution algorithm to sequentially identify
cliques with the largest clique weights. We also consider a varying weighting coefficient λ and reformulate (2)
as max {λ


∑
i p(vi)Xi + (1 − λ)


∑
i


∑
j>i w(eij)XiXj}. To analyze the cancer data set, we set λ to vary from


0.1 to 1.0. When λ = 1.0, only individual effects of genes are used for biomarker identification.
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Figure 2: The trend of classification accuracy with different λ for the colon cancer data set.


We compare the classification performance of the genetic biomarkers selected by our network-based method with
different λ using support vector machines (SVM). First, when λ = 1.0, i.e., only individual effects are considered,
we rank all 2000 genes in a descending order of node weights so that the genes that have a larger correlation with the
sample label are ranked higher. Forward feature selection algorithm, similar as in [4, 16, 18], has been applied to select
a subset of genes that give the best classification accuracy. Specifically, during the training of SVM, we sequentially
add genes one by one into the subset based on the ranked list if adding it improves the classification accuracy based on
10-fold cross validation. At the end, seven genes are selected which achieve 95.2% accuracy rate estimated by 10-fold
cross validation. We consider this as the best accuracy based on the individual effects of genes only.


We select genetic biomarkers for other values of λ in a similar way as when λ = 1.0. When λ < 1.0, we
implement a fast heuristic to sequentially search for the maximum weighted cliques from iteratively induced networks
(with previously identified cliques removed) based on the weighted objective function. For different λ, our algorithm
consistently identifies around 600 cliques in less than 30 seconds. Based on the order of the identified cliques from
our method, we derive the ranked gene list by sorting the genes within these cliques based on the node weights in the
descending order. With that, we implement the same forward selection algorithm to select genes for the best accuracy.
For a fair comparison, we limit the maximum number of selected genes to the same number as when λ = 1.0, which
is seven. The best classification accuracy based on a 10-fold cross validation for different λ is shown in Figure 2. We
note that with λ = 0.9, we have achieved the highest classification accuracy 98.4%, indicating that our network-based
method can find a better set of biomarkers for colon cancer classification by considering interactive effects among
genes. To further check the reliability of the selected genetic markers, especially with the limited sample size in
this study, we further test the accuracy based on 2-fold and 5-fold cross validation. The trend of the best accuracy for
different λ remains the same and the selected seven genes with λ = 0.9 consistently achieve the highest accuracy (data
not shown), which demonstrates again that the proposed MWCP model and algorithm have the potential to identify
biomarkers which give more accurate disease diagnosis than identified biomarkers by individual gene-based ranking.


Conclusion
We have proposed a new network-based method for biomarker identification, which solves the MWCP with both node
and edge weights. Our preliminary experiments have shown that the solution algorithm to MWCP is exact and scales
well with the size of networks with a reasonable density. We have also applied our algorithm for finding genetic mark-
ers of colon cancer based on a public data set. The results have shown that integrating synergistic interactive effects
among genes with individual discriminating power may improve the accuracy of disease prognosis and diagnosis.
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