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Introduction  
Patient and family engagement has become a central element in the delivery of quality healthcare services.1-3 Patient 
engagement has been called a “blockbuster drug.”4 It Multiple initiatives, including the EHR Incentive Program’s 
patient access objectives, the Blue Button initiative’s expansion to connect patients to billing information, and the 
Clinical Laboratory Improvement Amendment’s changes to allow patients direct access to laboratory data, have 
been implemented in the past several years.5 
 
In an effort to engage patients more effectively with information regarding diagnoses, conditions, medications and 
other information, healthcare organizations have begun using information technology (IT) to provide patients access 
to their personal health information.6,7 Research has shown that approximately thirty percent of physicians engage in 
secure messaging with patients and twenty-four percent provide patients access online access to medical records.8 It 
is estimated that in 2013, 12.58% of U.S. adults communicated with a physician using the internet (up from 8.44% 
and 9.11% in 2008, respectively) and 10.98% of U.S. adults tracked health information using the internet.9 
 
We are interested in the relationships of dependency and conditional independency between demographic, 
socioeconomic and health-related variables and personal healthcare management (PHM). PHM refers to the 
individual use of internet-based technology to access personal health information or communicate with healthcare 
professionals regarding personal health information. PHM was defined as the individuals use of health-related 
information to email healthcare providers, using a computer to schedule a healthcare appointment, and using a 
computer for requesting a prescription refill.  Understanding cause and effect relationships is of primary interest in 
the field of health informatics.10,11 Significant progress has been made in the development of algorithms aimed at 
representing the causal relationships from existing datasets.12-14 Observational data from electronic health records 
and other sources is increasingly rapidly, and employing methods aimed at identifying causal relationships from 
these data provide informatics professionals an opportunity to better predict, explain, and develop consumer 
engagement techniques aimed at improving health.11,15 
 
Objectives 
The goal of this study was to develop a deeper understanding of the relationship between predictor variables and 
PHM use by developing model that represents the causal structure of personal healthcare management through 
systematic feature selection and use of a causal discovery algorithm.  
 
Materials And Methods 
National Health Interview Series (NHIS) was used for this analysis and included 605,001 respondents between 
2009-2014.16 We assessed individual use of PHM. Use of PHM was regarded as positive if individuals responded 
“Yes” to communicating with a healthcare provider using email, scheduled an appointment with a healthcare 
provider on the Internet, or refilled a prescription on the Internet. Our analysis included eighty-four individual 
characteristics as covariates. The covariates were demographic, socioeconomic, and health-related factors.  
 
We used a three-step approach to analyzing the data as follows. The first step in the process was focused on 
selecting the NHIS features most predictive of PHM using a Markov Blanket Fan Search (MBFS) through the 
Tetrad software application. The MBFS is a form of feature selection; it is an algorithm that employs the principles 
of the PC Algorithm to search for a specific node’s Markov Blanket 17. The second step of the process used the 
Markov Blanket of PHM to construct a Bayesian model network structure that explains the causal relationship 
between the features most predictive of PHM. The process involved constructing a Directed Acyclic Graph (DAG) 
using the Weka 3.3. The final step of the process involved evaluating the model’s performance.  
 
Results 
Of the 84 demographic, socioeconomic, and health-related variables included in the initial sample, the MBFS 
identified six variables within the Markov Blanket of PHM, including two technology related items (online chat 
groups and health-related internet search), two socioeconomic variables (poverty level and education level), and two 



  

health-related variables (delayed appointment and flu shot). The factors identified through the feature selection are 
supported by previous research.18,19 A DAG was produced through the Bayesian network construction—the DAG is 
the predictive model used for evaluating PHM use in this study. The resulting model includes seven attributes and 
nine edges. Poverty level is causal to both education level and PHM. Education level is causal to PHM and flu shot. 
PHM is causal to online chat group, health-related internet search, and delayed appointment. Health-related internet 
search is also causally linked to delayed appointment. The model correctly classified 4607 (76.8%) of instances with 
a kappa statistic of 0.536.  
 
Conclusions  
We have developed a Bayesian Network model that predicts PHM use among US adults. The model’s parameters 
were learned through feature selection using the Markov Blanket Fan Search algorithm. The feature selection 
identified six variables within the Markov Blanket of PHM, and two variables (poverty and education) were 
determined to be causally related to PHM. The model has the ability to predict PHM use accurately. These findings 
demonstrate the importance of using social determinants of health for explaining consumer use of health information 
technology. 
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