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 In 2004 the National Toxicology Program published an article describing their 

intent to pursue toxicology testing and risk assessment practices solely reliant on high 

throughput in vitro datasets and in silico modeling for dose-response assessments.  

Support and contributions form regulatory agencies and a significant portion of the 

life sciences community soon led to widespread commitment of pursuing a “21st 

century”  or a “Tox21” risk assessment program.  As of 2014, the envisioned program 

is still  far from realized, as the difficulty in developing such a monumental change in 

risk assessment practice that can withstand scrutiny under the precautionary principle 

has proved far more difficult than originally anticipated.  We developed several novel 

adaptations of existing computer science technologies for the purposes of establishing 

necessary components of a Tox21 program and identifying current critical research gaps 

in proposed Tox21 risk assessment programs.

 A fuzzy neural network model was created to quantitatively predict changes 

in Cyp1b1 gene expression following complex PAH mixture-mediated perturbations 

of the Cyp1b1 gene regulatory network.  Predictions were within one log2 fold change 

unit for four out five treatment groups, demonstrating the feasibility of predicting 

responses following complex co-exposures in a biological pathway of interest, similar 

to a mode of action dose-response paradigm. Predictions were dependent on the 



feedback component of the Cyp1b1 gene regulatory network (the aryl hrydocarbon 

receptor repressor) for model predictions, demonstrating the need to include inhibitor 

and activator components of mode of action pathways in datasets used for Tox21 risk 

assessments.  Model cross validation studies and summary statistics, including model 

predictions, were automated, demonstrating the feasibility of an automated high 

throughput approach to dose-response assessment.

 Automated processes were also developed for atmospheric models of hourly 

fine particulate matter, coarse particulate matter, and ozone as new meteorological 

and pollutant sampling measurements were posted online by the Oregon Department 

of Environmental Quality.  Air quality predictions were combined with smartphone 

location measurements to predict air quality conditions at smartphone locations and 

communicate predictions with smartphone users in real time, demonstrating the 

feasibility of incorporating individual, personalized measurements in an automated 

exposure assessment program as new individual and regional measurements become 

available.  The software interface between smartphones and atmospheric models was 

developed with a high degree of modularity, allowing for communications between 

multiple smartphone platforms, and multiple atmospheric modeling methodologies 

with varying degrees of temporal and spatial resolutions, demonstrating the feasibility 

of developing a Tox21 risk assessment structure that can update dynamically as 

technologies are improved and new technologies become available.

 Air quality communications were enhanced through interactive components of 

electronic media, specifically through allowing users to set customized warning levels 

and select between spatial, temporal, or summary statistics displays of predicted air 

quality conditions.  

 Affect heuristic and economic behavior theory analysis of webmap, smartphone, 

and augmented reality displays developed for air quality risk communications identified 

several potential improvements to enhance risk perception/ risk communication 

efforts.  Analysis supported the utility of interactive electronic media in customizing risk 

communications for enhanced risk perceptions, stakeholder input, and transparency in a 



future Tox21 program.

 Collectively these studies demonstrate that the realization of a Tox21 program 

is limited more by our current lack of knowledge and ability to design, utilize, and 

evaluate modern technology applications and methodologies than by the underlying 

technologies’ current state.
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Chapter 1: General introduction

1.1 Interdisciplinary toxicology

 Toxicologists are insatiable, opportunistic academic explorers.  We continually 

collate results and collaborate with researchers from microbiology, biochemistry, 

pharmacy, and other related fields for the purposes of discovering new combinations 

of techniques, technologies, and information that contribute to our principle goal: to 

protect human health from the adverse effects of chemical exposures.  We are driven 

to collaborate, innovate, and cross disciplinary boundaries because of limitations and 

uncertainties in our current methods of predicting and reducing the risk of adverse 

health effects (Boverhof and Zacharewski, 2005; EPA, 1986; EPA, 1992; EPA, 2005; Martin 

et al., 2013; NRC, 2007).  We believe that future research will continue to improve our 

understanding of human environment interactions (Boverhof and Zacharewski, 2005; 

Mahadevan et al., 2011; Martin et al., 2013), which in turn will reduce health risk 

uncertainties, and we therefore deem current uncertainties to be unacceptable.  

 Since the successful completion of the human genome project, toxicologists 

have found themselves again in a collaborative exploration, seated in the middle of a 

large raft filled with fellow scientists, floating down a river of academic achievement, 

propelled by strong currents of technological advancements.  We are neither the 

river guides (engineers) in the back of the raft who have extensive knowledge of river 

properties, nor are we paddlers at the front (computer scientists) who have a clear view 

of upcoming river bends.  Rather, we designated ourselves as the cartographers, and 

innocently, eagerly, began to document these uncharted waters with the most important 

component of any adventure map: an X to mark the spot, an unknown location 

downstream which according to our legend contains a treasure: “Tox21: 21st century 

toxicology”.  

 In the past decade of our rafting adventure, we’ve scribbled on our map several 

related currents, siblings which share the suffix “-omics” (Cote et al., 2012; Tong et al., 

2009), and a series of tumultuous rapids titled with a “meta-” prefix (Mahadevan et 

al., 2011; Tong et al., 2009).  We’re traveled far, but still aren’t able to peer far enough 
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downstream to know when we will arrive at Tox21.  What we do know is that these 

currents flow one way.  This raft can’t turn back.   New and old currents alike continue to 

sweep us downstream, and until we catch a glimpse of our Tox21 treasure the best we 

can do is avoid as many tips, spills, and frigid fingers as possible.  

 It is the goal of my dissertation research to try and add a few more details to 

the previously described metaphorical map, to facilitate efforts towards reaching a 

21st century risk assessment process as envisioned by the the National Institutes of 

Environmental Health Sciences (NIEHS, 2004), the Environmental Protection Agency 

(EPA, Dix et al., 2007), and the National Research Council (NRC, 2007).  We propose that 

developing and integrating multiple novel risk assessment-oriented computer science 

technologies will facilitate advancement of a modern, personalized risk assessment 

process.  We further hypothesize that an integrative approach utilizing multiple modern 

technologies will better identify the strengths, limitations, and critical research gaps 

of a proposed “21st century” risk assessment methodology compared to evaluating 

individual components of a methodology alone.   This is a very general description and 

certainly requires further definition.  Prior to delving into specific hypothesis details, 

however, it would be greatly beneficial to: 

1) review the general concepts and procedures of current health risk assessment,  

2) describe technology advancements that are core components of proposed “21st 

century” toxicology programs, and 

3) describe the proposed NRC, EPA, and NIEHS programs and compare proposed 

programs to current risk assessment methods.

1.2 Risk and risk assessment

General concepts

 Risk, in it’s most general form, is defined as the probability of occurrence and 

severity of an adverse event (Merriam-Webster Medical Dictionary, 2014).  When a 
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college student chooses a coffee shop to visit shortly before class, for example, there 

is a probability or risk that the student may not be able to purchase a cup of coffee 

before leaving for class (or alternatively that the student may arrive late to class because 

the need to acquire a cup of coffee was too great).  When our hypothetical student 

is deciding on a coffee shop, she considers her experiences and knowledge of coffee 

shop conditions, including conditions which affect risk of running late, such as location 

relative to class and average wait time.  The process of predicting a risk based on a priori 

knowledge is risk assessment (Theodore and Dupont, 2012).

  The above scenario illustrates two important characteristics of risk and risk 

assessment.  Risk and risk assessment 1) can be intuitive (Slovic et al., 2004) and 2) 

do not have to be primarily focused on human health: risk assessments are common 

practices in financial markets (Bekaert et al., 2013; Lustig et al., 2011), ecology (De Lange 

et all, 2010; Kramer et al., 2010), and politics (Bertelli and John, 2013; Click and Weiner, 

2010).   Since the authors are primarily interested in toxicology, however, the terms 

risk, health risk, and risk assessment in this paper refer specifically to adverse biological 

events in humans caused by chemical exposures.   

 Unlike the example above, scientific risk assessments are designed to be 

numerical, objective, and minimize emotional bias.  EPA risk assessment protocols, 

for example, have been continually evaluated and refined since the 1970s to increase 

transparency and provide reproducible numerical estimates of risk using the risk 

assessment process shown in Figure 1-1, and described in further detail below.

EPA risk assessment

 Figure 1-1 outlines the EPA risk assessment process, in which health risk 

predictions (risk characterization, 2nd column of risk assessment, woman outline) are 

based on a priori knowledge acquired from experimental studies and environmental 

observations (research, mouse outline).  The intermediary components of risk 

assessment (dose-response assessment and exposure assessment) involve interpreting 

studies and observations to predict responses in the population of interest under 
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Figure 1.1 General overview of EPA risk assessment practices.

The goal of this dissertation is to develop a risk assessment approach that utilizes “Tox21” technologies (mouse to woman 

illustration).  Modified from Risk Assessment in the Federal Government: Managing the Process (National Research Council, 1983).  
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environmentally relevant exposure conditions.   Much of the uncertainty in risk 

assessment originates from dose-response and exposure assessments, appropriately 

described in Figure 1-1 with questions rather than statements.   

Dose response assessment

 Dose-response assessments often begin with regression modeling (linear 

regression chosen by default, EPA 1986; EPA, 2005) to fit the relationship between 

chemical exposure concentrations and adverse responses in research datasets.  Data 

from previous human exposures are used when available, but data from animal dose-

response exposure studies are often used instead.  For cancer studies, linear regression 

models are based on the hypothesis that any dose has a risk of adverse response, with 

the regression equation forced through the dose-response point of origin.  Risk for 

carcinogenic chemical exposures are then calculated as: 

 Risk (mg*kg-1*day-1) = regression slope * exposure rate (mg*kg-1*day-1) Eq 1-1.

with adverse outcome often defined as percent tumor incidence above background.  

Risks are calculated for an individual with 70 kg body weight, and assuming a lifetime of 

70 years.  

 For non-cancer endpoints, risk is calculated based on the theory of threshold 

levels, in which the target system is assumed to compensate for chemical insults at 

concentrations below a given value (threshold) without producing an adverse effect.  

The highest treatment concentration without a statistically significant adverse effect in a 

non-carcinogenic dose-response experiment is designated as the no observable adverse 

effects level (NOAEL).  NOAELs are the basis for calculating reference doses (RfDs), the 

theoretical daily exposure level which is assumed to be without risk over a lifetime of 

daily exposures. When calculating Rfds, uncertainty factors (UFs) are added to account 

for toxicokinetic (TK) and toxicodyanmic (TD) differences between the experimental 

model and humans (UFinterspecies), and between individual humans (UFinterindividual).  
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 Similar to cancer endpoints, RfDs are calculated for an individual with 70 kg 

body weight, and assuming a lifetime of 70 years.  Several studies suggest that the 

inter-individual uncertainty factor conforms to the precautionary principle for the 

vast majority of healthy adults, but may not be protective enough to account for 

pharmacokinetic differences in sensitive members of the population, including pregnant 

women, neonates, and the elderly (Dorne et al., 2001; Renwick and Lazarus, 1998).  

Exposure assessment

 The next step in the risk characterization process, exposure assessment, predicts 

the chemical compositions and durations of current and probable future exposures 

for a population of interest.  Exposure predictions are based on direct measurements 

(environmental samplers, biomonitors) when available, or indirect measurements 

(environmental modeling) otherwise.  When predicted exposures consist of single 

chemical of concern or from a well defined mixture (combination of chemicals) with 

available dose-response data, predicted risk is calculated using Equations 1-1 and 

1-2.  Most often, however, exposures consist of a complex combination or mixture of 

chemicals without a representative dose-response dataset: exposures often arise from 

different exposure sources or from sources with complex chemical compositions such as 

fossil fuels or fossil fuel combustion by-products (Zielinska et al., 2012).

 For complex exposures, chemicals which share common modes of action (MOA) 

are by default assumed to behave in an additive manner.  For chemicals with different 

MOAs, risks are by default assumed to be independent and are calculated separately for 

each chemical that make up the composition of the exposure.  Combining the predicted 

risk for a given chemical exposure with a predicted environmental exposure produces a 

risk characterization for a given population (Figure 1-1).  

 Figure 1-1 was published by the National Research Council (NRC) more than 30 

Rfd (mg*kg-1*day-1) =
 NOAEL (mg*kg-1*day-1)
 UFinterspecies*UFinterindividual

Eq 1-2.
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years ago, in 1983.  The general risk assessment process, however, remains to this day 

mostly the same: dose-response and exposure assessments are still strongly dependent 

on research results to synthesize objective risk characterizations.  Life science research in 

the past decade, however, has been undergone dramatic revisions as a result of several 

recent (and ongoing) technological advances, leading to increased demand for and 

potential gain from updating risk assessment procedures.

1.3 Recent scientific advances relevant to risk assessment 

Birth of the “omic” generation and it’s effect on dose-response modeling

 In June 2000 former president Bill Clinton announced the first successful 

mapping of the human genome.  The collaborative effort lasted 10 years with project 

costs exceeding $2.7 billion (National Institutes of Health (NIH), 2010).  The project was 

nevertheless widely considered a success because of the prospective rewards.  Scientists 

were no longer confined to studying isolated individual genes of interest, but instead 

could investigate thousands of gene sequences and potential gene interactions (Collins 

and McKusick, 2001; Lander, 2011).  The human genome project effectively gave birth 

to the omic practices, or analyses focused on analyzing the entire state of a particular 

component of a system, such as the entire sequence of genes (genome), transcripts 

(transcriptome), metabolic products (metabolome), and chemical exposures, both 

endogenous and exogenous (exposome).  The omic momentum was unstoppable, and 

soon led to meta-omic areas of study, such as metagenomics, or the study of all genomic 

material collected from an environment.  

 Omics technologies have advanced rapidly in the past 14 years.  Sequencing an 

entire genome can now be performed in less than a day, with sequencing costs nearing 

$1000 per genome (Hayden, 2014).  Computer software for analyzing sequencing 

and databases have also become more user friendly, requiring much less underlying 

knowledge of multivariate statistics to analyze omic data (Chagoyen and Pazos, 2013; 

Paley and Karp, 2006).  Time and costs of “next gen sequencing” are now to the point 
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where it is experimentally feasible to automate and compare omic level responses 

between myriad treatment conditions, using a process called high throughput 

sequencing (Fernandes et al., 2009).  Life scientists now have the capability to generate 

dose-response datasets with various omics endpoints as the measured responses.  The 

question now is how to design experiments, collect data, make inferences, and update 

the dose-response assessment in a manner that can utilize high-throughput technologies 

for an improved risk assessment process.

Satellites and samplers soup up exposure assessments

 In 1999, as the human genome project was wrapping up, NASA launched the 

Terra satellite into space to measure global dynamic changes in the Earth’s environment.  

Terra was outfitted was an impressive array of instruments, including  the Moderate-

resolution Imaging Spectroradiometer (MODIS).  Together with her twin satellite Aqua, 

launched in 2002 with a similar MODIS sensor, Terra has been capturing images of 

the Earth’s environment at 250 m spatial and near daily temporal resolutions.  These 

images are useful to toxicologists both in hazard scenarios, such as during forest fires 

(Giglio et al., 2003; Junpen et al., 2013), and modeling short and long term variations 

in air pollution.  Initial air pollution models, specifically fine particulate matter and 

coarse particulate matter modeling, were coarse in resolution (Hutchinson et al., 2004).  

Incorporation of meteorological measurements, empirical measurements, and land 

use as model inputs have refined satellite imagery-based air pollution models to 400 m 

daily (Kloog et al., 2012) or one km hourly resolutions (Tian and Chen, 2010).  Satellite 

technology is progressing rapidly, to the point where a series of micro-satellites, each 

the size of a shoe box, is currently being deployed from the international space station 

to provide daily global satellite imagery of the atmosphere at three to five m resolutions 

(Zolli, 2014).  Satellite imagery products are continually becoming further refined, with 

great potential for developing high spatial or temporal resolution air quality forecasts. 

 Methods for directly measuring chemicals in the environment have also 

advanced greatly in the past several years, particularly in regard to chemical and 
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temporal resolutions and portability.  Cell phone sized biomonitors are now available 

which can measure high priority pollutant categories, such as fine particulate matter, 

in real time (Wallace et al., 2010).  Silicone bracelets have also been developed which 

capture a wide range of organic pollutant exposure for extensive chemical composition 

analysis post-exposure (O’Connell et al., 2014).  

 In summary, exposure assessment technologies have advanced to the point 

where we are able to directly monitor exposure conditions for a subset of individuals 

with high chemical or temporal resolutions, and indirectly measure categories of 

pollutants for the entire planet at sub-kilometer spatial and hourly temporal resolutions. 

Our ability to collect massive amounts of exposure and dose-response data is 

unequivocally exponentially greater than at the turn of the century.  It is still largely 

unknown, however, how these measurements can be incorporated into a modern risk 

assessment program with similar chemical, spatial, and temporal resolutions for risk 

predictions.

1.4 Proposed Tox21 programs and differences from current risk assessment practices

 Between 2004 and 2007 the EPA (ToxCast), National Research Council (Toxicity 

testing in the 21st century), and National Toxicology Program within the NIH (Tox21), 

each published a call for a monumental shift towards using modern technologies in 

toxicity testing and risk assessment procedures. Each proposal highlighted different 

priorities of their respective agencies, but overall the envisioned protocols were 

remarkably similar.  For simplicity, we will collectively refer to the general principles 

shared by all three proposals by the name given to the NIH proposal, Tox21.  

 Dose-response research and assessments in proposed Tox21 programs are based 

on a gradual shift from animal in vivo studies measuring endpoints of interest (e.g. 

cancer studies) to high throughput in vivo assays measuring molecular perturbations 

in pathways associated with adverse outcomes of interest.  Motivation for shifting 

from in vivo to in vitro toxicology testing is largely based on a need for cost-effective 

methodology for evaluating thousands of chemical and chemical co-exposure 
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combinations.  Enthusiasm for a reduction in animal use and interspecies uncertainty in 

current risk assessment practices are additional Tox21 motivations.

 Tox21 assays are based on the principle of systematic, large scale automated 

toxicology testing of a large number of chemical exposure conditions and a large 

number of measured biological responses to capture all MOAs related to a chemical 

exposure and subsequent adverse outcome(s).   In silico modeling approaches would 

then be used to simulate toxicokinetics and dynamics of various chemical exposures 

for predicting chemical concentrations at various target tissues following exposure.  In 

silico approaches would also be used to predict risk in complex co-exposure conditions 

in which co-exposure chemicals have potentially interactive MOAs, previously identified 

through in vitro high throughput dataset analysis. 

 Environmental measurements and exposure assessments in proposed Tox21 

programs strongly emphasize personal biomonitoring, especially for susceptible 

members of the population, to account for large variances in exposure conditions in 

alternative environmental settings, such as indoor compared to outdoor (Komarnicki, 

2005; Lim et al., 2010)  or rural compared to urban (Dergham et al., 2012; Hulin et al., 

2010) air quality as an individual commutes through various environments through 

the course of an exposure assessment time interval.  Details regarding specific 

measurements and corresponding chemical, spatial, and temporal resolutions are often 

(perhaps purposefully) left vague and open to interpretation or to allow for unknown 

future advancements in biomonitoring technology.

 Implementations of proposed Tox21 programs involve gradual transitions, 

described as phases or transitions, between current and envisioned toxicology testing 

and risk assessment practices.  Proposed transitions involve first utilizing in vitro Tox21 

methods to screen for chemicals or chemical combinations of interest that should be 

followed up by current risk assessment practices.  Such screens, when combined with 

in vivo or human biomonitoring data, would allow for better identification of chemical 

concentrations that correspond to exposure conditions within target populations (Pleil 

et al., 2012).  The EPA ToxCast program is an initial attempt at such a screening process, 

in which 301 high priority chemicals were screened using 430 assays to evaluate  
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combinations of assays for their ability to identify chemical exposures of concern.  

(http://actor.epa.gov/actor/faces/ToxCastDB/DataCollectionList.jsp).  Tox21 visions 

hypothesize that modern technologies and corresponding methodologies will progress 

to the point where the entire risk assessment process will be performed using in vitro 

assays, in silico modeling, and environmental sampling, preferably through human 

biomonitoring.  

1.5 Dissertation specific aims and hypothesis

 Though the majority of the toxicology community approve of eventually adopting 

a Tox21 program, there is disagreement as to when such a transition should (and will) 

occur, and what critical research gaps need to be addressed prior to Tox 21 adoption. It is 

the goal of my dissertation research to cohesively adapt existing computer technologies 

in a novel, complementary fashion for a risk assessment approach that conforms to 

Tox21 initiatives.  We hypothesize that integrating multiple technologies in a fashion 

similar to proposed Tox21 structures will provide better insight into critical gaps and 

research needs compared to evaluating individual components of a Tox21 proposal 

alone.  

 Specific aim 1: Develop a computational model compatible with a mechanism 

of action (MOA) risk assessment approach that can incorporate high throughput data 

to quantitatively predict non-additive interactions in complex mixtures.

 We hypothesize that fuzzy neural networks, commonly used by electrical and 

mechanical engineers to model systems with complex interactions and feedback loops, 

can incorporate gene expression levels of transcription factors and accurately predict 

changes in gene expression levels of  downstream products in pathways of interest that 

are perturbed by chemical exposures.

 Specific aim 2: Develop a computer software structure which can update 

exposure assessment predictions in real time as new pertinent research data becomes 

http://actor.epa.gov/actor/faces/ToxCastDB/DataCollectionList.jsp
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available.  

 We hypothesize that in silico modeling of atmospheric measurements can be 

automated to update predicted dose-response and exposure assessments in a timely 

manner as new measurements become available.  

 Specific aim 3: Develop computer software tools which utilize interactive 

electronic media to improve user risk perception, empowering users to understand 

current risk conditions and make better decisions.

 We hypothesize that an automated system described in specific aim 2 can predict 

risk and communicate risk predictions in a timely manner.   We further hypothesize that 

interactive features of electronic media such as location based services and customized 

warning levels can personalize risk communications and warn individuals about 

unwanted predicted environmental conditions of particular concern to their individual 

health.

 Specific Aim 4: Identify critical issues that need to be addressed prior to 

implementation of a Tox21 risk assessment approach.

 Pursuit of specific aims 1-3 and proceeding analyses will highlight current 

strengths and limitations of the developed technologies and their underlying data 

sources from a Tox21 MOA risk assessment paradigm.  Specific aim 4 is not a directly 

testable hypothesis.  Nevertheless, this aim contributes to risk assessment science and 

increases the potential utility of performing the described dissertation research.  
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Figure 1.2  Dissertation objectives (video).  

(A) Recent technological advances have led to dramatic increases in measurements 

pertinent to risk assessment.  It is still unknown, however, how these measurements 

can cohesively integrate to form an accurate risk assessment process.  Specific 

aims of this dissertation are to: (B) develop a computational model capable of 

predicting co-exposure responses from high throughput datasets, (C) develop an 

integrative software structure that can update exposure assessments as new data 

become available, (D) customize risk communications to account for inter-individual 

differences, and (E) identify critical gaps in an integrated Tox21 structure.
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2.1 Abstract

 Polycyclic aromatic hydrocarbons (PAHs) are present in the environment as 

complex mixtures with components that have diverse carcinogenic potencies and mostly 

unknown interactive effects.  Non-additive PAH interactions have been observed in 

regulation of cytochrome P450 (CYP) gene expression in the CYP1 family.  In order to 

better understand and predict biological effects of complex PAH mixtures, an 11 gene 

input-1 gene output fuzzy neural network (FNN) was developed for predicting PAH-

mediated perturbations of dermal Cyp1b1 transcription in the mouse.  Input values 

were generalized using fuzzy logic into low, medium, and high fuzzy subsets, and sorted 

using k-means clustering to create Mamdani logic functions for predicting Cyp1b1 

mRNA expression.  Model testing was performed with data from microarray analysis 

of skin samples from FVB/N mice treated with toluene (vehicle control), dibenzo[def,p]

chrysene (DBC), benzo[a]pyrene (BaP), or 1 of 3 combinations of diesel particulate 

extract (DPE), coal tar extract (CTE) and cigarette smoke condensate (CSC) using leave 

one out cross-validation.  Predictions were within 1 log2 fold change unit of microarray 

data, with the exception of the DBC treatment group, where the unexpected down-

regulation of Cyp1b1 expression was predicted but did not reach statistical significance 

on the microarrays.  Adding CTE to DPE was predicted to increase Cyp1b1 expression, 

whereas adding CSC to CTE and DPE was predicted to have no effect, in agreement 

with microarray results.  The aryl hydrocarbon receptor (Ahr) was determined to be 

the most significant input variable for model predictions using back-propagation and 

normalization of FNN weights. 

Key words: PAHs, modeling, mixtures, Cyp1b1, skin, Ahrr 

2.2 Introduction

 Polycyclic aromatic hydrocarbons (PAHs) are a class of persistent chemicals 

prevalent in the environment as a result of geological processes and incomplete 
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combustion of biofuels.  Although natural processes such as petroleum seepage 

and forest fires produce PAHs, anthropogenic processes such as coal burning and oil 

spills have led to environmental PAH concentrations significantly larger than naturally 

occurring levels (Zhang and Tao, 2009).  Benzo[a]pyrene (BaP) and dibenzo[def,p]

chrysene (DBC) are classified by the International Agency on Cancer Research (IARC) 

as known or probable human carcinogens, respectively (IARC, 2010), and induce 

carcinogenesis in lung (Binková and Srám, 2004; Goldman et al., 2001), liver (Merlo et 

al., 2004, Von Tungeln et al., 1999), thymus (Johnsen et al., 1998), prostate (Nock et al., 

2007; Williams et al., 2000) and skin (Barouki et al., 2007; Marston et al., 2001).  To date, 

more than 100 PAHs have been identified in the atmosphere (Schauer et al., 2003) with 

a wide range of carcinogenic potencies.

 The first study linking PAH exposure with cancer was performed by Percival Pott 

in 1775, noting the prevalence of scrotal (skin) cancer in chimney sweeps.  Today skin 

cancer remains prevalent throughout society, being the highest diagnosed cancer in the 

United States .  Melanoma skin cancer was responsible for an estimated 8800 deaths in 

the US in 2011 (Siegel et al., 2011), and melanoma as well as non-melanoma skin cancer 

incidence is increasing both in the US and worldwide (Siegel et al., 2011; Lomas et al., 

2012).  Although environmental PAH mixtures such as soot have long been considered 

carcinogenic, variability in PAH mixture composition, depending on the organic source, 

combustion temperatures, age, and surrounding environment (Moldoveanu, 2010), 

have made understanding and regulating PAH exposures difficult.  Current methods 

for environmental PAH mixture risk assessment involve the calculation/estimation of 

relative potency factors (RPFs).  Individual PAHs are assigned a potency value based on 

carcinogenic potential relative to the most well studied PAH, BaP, and the RPFs of all 

components (with a designated RPF) within a mixture are summed to determine the 

potency of the mixture as a whole (Damon, 1997).  RPFs provide a clear, transparent 

method for risk assessment, at the cost of assuming a common mechanism of action 

(MOA) and no interactions between mixture components.  

 Recent studies in our lab utilizing a mouse 2-stage skin tumor model have 

shown that RPFs grossly underestimate the carcinogenicity of dermal exposure to DBC 
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or mixtures containing CTE (Siddens et al., 2012).  These studies also raise questions 

regarding possible alternative MOAs for DBC exposures in contrast to BaP, and have 

demonstrated interactive effects occurring at the gene expression level for genes 

relevant to well-known BaP MOAs, including Cyp1b1.   

 BaP and many other high molecular weight PAHs have three well-known 

MOAs  (Cavalieri and Rogan, 1995; Penning et al., 1999): 1) single electron oxidation by 

peroxidases, creating BaP radical cations capable of binding to and depurinating DNA, 2) 

Production of reactive oxygen species and electrophilic DNA-binding quinones through 

aldoketo reductase (AKR)-mediated catechol formation and subsequent electron redox 

cycling and 3) formation of (±)-syn/anti-BaP-7,8-dihydrodiol-9,10-epoxide (BaPDE) 

isomers including DNA-binding (+)-anti- and (+)-syn-BaPDEs .  CYPs in the 1 family (1A1, 

1B1, 1A2) play a critical role in bioactivation of high molecular weight PAHs such as BaP: 

redox cycling and BaPDE pathways are dependent on CYPs for activation of the parent 

BaP compound through epoxygenation at the 7,8 position and further BaPDE formation 

by CYP epoxygenation across the 9,10-double bond.  

 mRNA expression of several CYP1 isoforms, including CYP1A1, CYP1A2, and 

CYP1B1,  are induced by high molecular weight PAHs through aryl hydrocarbon receptor 

(AhR) activation (Fujii-Kuriyama and Mimura, 2005; Lin et al., 2003).  The AhR pathway 

and corresponding CYP1B1 up-regulation requires a number of co-activators and co-

repressors, including heat shock protein 90 (HSP90), aryl hydrocarbon receptor nuclear 

translocator (ARNT), and aryl hydrocarbon receptor repressor (AhRR), contributing 

to the regulation of AhR-mediated CYP1 expression (Hosoya et al., 2008; Hahn et al., 

2009).  Previous studies investigating exposures to environmental PAH mixtures and 

binary PAH combinations have demonstrated synergistic cyp1b1 and cyp1a1 induction 

in zebrafish (Billiard et al., 2006; Timme-Laragy et al., 2007) and Cyp1b1 and Cyp1a1 

induction in dermally PAH-treated mice (Courter et al., 2007a). Our laboratory previously 

observed highly distinct gene signatures for several Phase I and II metabolizing enzymes, 

including differential regulation of Cyp1a1 and Cyp1b1, in mouse skin after initiation 

with PAHs and environmental PAH mixtures suggesting that these enzymes and 

associated pathways may be important for the carcinogenic potential of PAHs  (Siddens 
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et al, 2012).  Despite the importance of CYP1 in PAH mixture carcinogenesis, currently 

accepted methods based on RPFs cannot predict PAH-mediated perturbations of CYP1 

gene expression. The ToxCast and Tox21 programs were created by the Environmental 

Protection Agency, National Institutes of Health, and other federal agencies in 

recognition of the limitations of current RPF methods and the need to develop high 

throughput in vitro and in silico methods to predict potential toxicity of chemicals 

and chemical mixtures.  ToxCast efforts have resulted in a number of first generation 

pathway-level predictive models for high-throughput screening of single chemical 

exposures (Abdelaziz et. al, 2012, Sipes et. al, 2011).  Currently, however, there are still 

no known quantitative prediction models which can account for non-interactive effects 

within chemical mixtures (Altenburger et. al, 2012).   

 We created a fuzzy neural network (a neural network model with layers 

consisting of fuzzy logic mathematical operations) for utilizing gene expression patterns 

with the goal of predicting quantitative changes in CYP1B1 expression in human skin 

as a function of PAH mixture composition.  The model was trained and evaluated 

using microarrays of dermal RNA from mice treated with PAH mixtures, in which the 

microarray data set was partitioned into training sets consisting of n-1 treatment groups 

and testing data sets consisting of the treatment groups excluded from the training 

process.  Based on the initial findings, we conclude that neural network modeling, when 

coupled with fuzzy logic mathematics and constructed using logic functions, may be 

useful in predicting interactive effects of PAH mixtures on gene expression.

2.3 Materials and Methods

Chemicals

 

 Coal tar extract (CTE) SRM 1597a was purchased from the National Institute of 

Standards and Technology (NIST) (Gaithersburg, MD), and was concentrated to 10 mg/

ml by evaporation under nitrogen.  SRM 1650b was also purchased from the NIST. Two 

hundred mg of diesel particulate were extracted into 200 ml dichloromethane using 
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a Soxhlet Apparatus at 40° C for 24 h.  Dichloromethane extract was concentrated, 

exchanged into toluene, and evaporated under a stream of nitrogen gas to a final volume 

of 10 ml.  Cigarette smoke condensate (CSC) (40 mg/ml in DMSO) was generously 

provided by Dr. Hollie Swanson (University of Kentucky).  The CSC was evaporated using 

a speed vac centrifuge and diluted to 40 mg/ml and 5% DMSO in toluene.  BaP and DBC 

were purchased from Midwest Research Institute, Kansas City, MO.  Dichloromethane, 

toluene, acetone, and DMSO were purchased from Fisher Scientific (Pittsburgh, PA).  All 

other reagents were purchased from Sigma-Aldrich (St. Louis, MO).  An aliquot of diesel 

particulate extract (DPE) was diluted into vehicle (toluene containing 5% DMSO) to 

create a 5 mg/mL solution designated as PAH mixture 1 (Mix 1).  PAH mixture 2 (Mix 2) 

consisted of 5 mg/ml DPE and 5 mg/ml CTE diluted in vehicle, while PAH mixture 3 (Mix 

3) consisted of 5 mg/ml DPE, 5 mg/ml CTE, and 10 mg/ml CSC in vehicle.  

Mouse Dermal Treatment

 

 All procedures were conducted according to National Institutes of Health 

guidelines and were approved by the Oregon State University Animal Care and Use 

Committee.  Six week old female FVB/N inbred mice were obtained from NCI-Frederick, 

Frederick, MD, and housed four mice per cage in micro ventilated racks.  Mice were on 

a 12 h light/dark cycle, 22ºC, 40-60% humidity and fed AIN93-G pellets (Research Diets, 

Inc., New Brunswick, NJ) for 10 days.  At 7.5 weeks mice were shaved on the dorsal side 

from the front shoulders to tail and observed for 48 h in order to confirm hair of mice 

were in the resting phase of growth.  Treatments were delivered by pipetting 200 µl of 

the designated treatment evenly over the shaved area according to the dosing scheme 

shown in Supplemental Table S-2.1. Mice were euthanized 12 h post-treatment using 

CO2 and cervical dislocation.  Dermal and epidermal layers of the shaved area were 

excised and snap frozen in liquid nitrogen for RNA extraction.  

Dermal RNA extraction
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 One cm2 subsections of the frozen skin were homogenized in 2 ml Trizol® 

Reagent (Life Technologies, Carlsbad, CA), using 15 mL disposable conical homogenizers 

(VWR International, West Chester, PA).  RNA isolation was performed according to 

commercial protocol.  RNA was further purified using QIAGEN RNeasy mini prep kit 

according to protocols provided by the manufacturer (RNeasy Miniprep kit, Qiagen, 

Valencia, CA).   Nucleic acid purity and concentrations were determined using Nanodrop 

spectrophotometry (Thermo Fisher Scientific, Waltham, MA), and Agilent Bioanalyzer 

(Santa Clara, CA) analysis, respectively.  Samples with A260/280 ratios of 1.9-2.2 and 

RNA integrity numbers 6.5 or greater were selected for microarray analysis.

 Individual mouse dermal samples were analyzed by Agilent microarray after 

initiation with PAHs (N=4 biological replicates, Supplemental Table S-2.1) or toluene 

control (N=5 biological replicates) as previously described (Siddens et al, 2012).  Briefly, 

the RNA was labeled with Agilent’s 2 color Quickamp kit for hybridization to the Agilent 8 

X 60K mouse array.  Raw intensity data were quantile normalized by RMA summarization 

(Bolstad et al., 2003) and subject to pairwise analysis of variance (Kerr et al., 2000) with 

Tukey's post hoc test and 5% false discovery rate calculation (Benjamini and Hochberg, 

1995).  Raw and normalized Agilent data files are available online at http://www.ncbi.

nlm.nih.gov/geo/query/acc.cgi?acc=GSE39455.  Microarrays results were confirmed 

using RT-qPCR on a subset of genes with decreased, increased, and no significant change 

in expression levels relative to control (Supplemental Figure S-2.1). 

Model inputs. To develop a model for quantitative prediction of CYP1B1 expression in 

human skin as a function of PAH mixture composition, a list of candidate input genes 

were identified by searching Pubmed and Google Scholar databases for genes involves 

in the epithelial perturbation of human/murine CYP1B1/Cyp1b1, and Cyp1a1/Cyp1a1.  

The list of genes was filtered to a short list of candidate input genes from the microarray 

analysis reported in Siddens et. al, (2012).  The 11 candidate genes from the microarray 

analysis selected for model inputs are summarized in Table 2.1. 

Model structure

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE39455
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE39455
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Input

Gene

Treatment

Gene Name GenBank ID: BaP DBC Mix 1 Mix 2 Mix 3

Ahr NM_013464 -0.23 ± 0.29 -0.01 ± 0.22 -0.50 ± 0.03 -0.83 ± 0.08 -0.76 ± 0.10

Hsp90a1 NM_010480 -0.22 ± 0.37 -0.58 ± 0.11 0.32 ± 0.23 0.18 ± 0.15 0.07 ± 0.14

Ahrr NM_009644  2.00 ± 0.44 0.25 ± 0.37 1.39 ± 0.14 3.05 ± 0.04 2.62 ± 0.35

Nfe2l3 NM_010903 -0.13 ± 0.27 -0.47 ± 0.90 -0.56 ± 0.40 -1.15 ± 0.30 -1.03 ± 0.49

Tnfrsfl4 NM_178931 1.12 ± 0.07 -0.53 ± 0.93 -0.36 ± 0.35 0.99 ± 0.46 1.30 ± 0.24

Tnfrsfl9 NM_001164155 0.24 ± 0.54 0.57 ± 1.10 -1.09 ± 0.24 -1.47 ± 0.53 -1.51 ± 0.15

Arntl2 NM_172309 0.61 ± 0.17 0.31 ± 0.48 -0.46 ± 0.34 -0.22 ± 0.09 -0.24 ± 0.25

E2f6 NM_033270 -0.15 ± 0.21 -0.55 ± 0.33 -0.05 ± 0.03 0.24 ± 0.21 0.40 ± 0.09

Rbbp4 NM_009030 0.07 ± 0.05 -0.01 ± 0.14 -0.14 ± 0.11 -0.32 ± 0.12 -0.34 ± 0.12

Rbbp8 NM_001081223 0.15 ± 0.19 0.24 ± 0.41 0.15 ± 0.07 -0.06 ± 0.15 -0.44 ± 0.01

Nfe2l2 NM_010902 0.22 ± 0.34 -0.20 ± 0.25 0.38 ± 0.14 0.68 ± 0.15 0.77 ± 0.07

Table 2.1 Microarray expression levels of genes selected for FNN Inputsa  (mean log2 fold change ± SE)

aComplete data set reported in Siddens et al., (2012)
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Figure 2.1 Five layer fuzzy neural network structure for quantitative prediction of 

Cyp1b1 expression (video). 

Layer 1 consists of input gene expression values (input genes 1-11).  Layer 2 fuzzifies 

input values into low, medium, and high fuzzy subsets.  Layer 3 creates Mamdani “If-

Then” rules.  Layer 4 predicts low, medium, and high Cyp1b1 expression, and layer 5 

(output) consists of a single quantitative prediction of Cyp1b1 mRNA expression (gene 

12).

 Traditional neural networks have unconstrained connections between nodes in 

adjacent layers.  Unconstrained network structures allow for mathematical optimization 

during model training, but are considered to be “black boxes” due to the inability to 

interpret functionality of the network in a manner that provides insight into the process 

that is being modeled.  The connections between nodes in our FNN were constrained 

so that each connection has a well-understood statistical or biological meaning related 

to the Cyp1b1 pathway.  Model input genes and corresponding Cyp1b1 values (Table 

2.1) for samples in each training data set were used to construct the neural network 
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structure prior to model training and testing.  The neural network structure consisted of 

5 layers (Fig. 2.1).  

  The first layer consisted of the model input gene values.  The second layer 

consisted of gene expression values that were transformed using fuzzy logic into 

low, medium, and high fuzzy subsets with membership values defined by Gaussian 

membership functions: 

Low subset membership value

X = exp(ln(0.5)*((input+5)/(5/2))^2)  for input ≥ -5    Eq. 2-1

X = 1      for input < -5   

Medium subset membership value

Figure 2.2 Graph of membership functions used to fuzzify input genes (video).  

Note that the scale parameter of the medium Gaussian membership function is larger 

than low and high membership functions (7.5, 5, and 5, respectively), increasing bias 

towards control level predictions. Low, medium, and high membership values are related 

to the likelihood that a treatment group is expressed below, at, or above the control 

treatment group, respectively, given the observed expression level.
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X = exp(ln(0.5)*((input)/(7.5/2))^2)  for all input   Eq. 2-2

High subset membership value

X = exp(ln(0.5)*((input-5)/(5/2))^2)  for input ≤ 5   Eq. 2-3

X = 1      for input > 5 

 

where X is the calculated fuzzy subset value and input is the corresponding gene input 

value (Fig. 2.2).

 The low, medium, and high fuzzy logic subsets are related to the likelihood 

that a gene expression level is below, at, or above a control treatment group given the 

observed expression level observed in the microarrays.  Transforming gene expression 

levels into fuzzy membership subsets helps prevent model overtraining, reduces model 

sensitivity to inaccurate input expression levels, and allows the user to account for 

uncertainty by altering the scale parameter of the Gaussian distribution functions.  A 

matrix consisting of all combinations of low, medium, and high fuzzy subsets with 

membership values greater than 0.1 for input genes and Cyp1b1 was constructed, 

and combinations were partitioned based upon the Cyp1b1 subset (matrices which 

contained fuzzy subsets with membership values less than 0.1 were not included to 

reduce processing time).  Combinations within each partition were then sorted using 

k-means clustering (5 clusters per partition).  Each cluster was then transformed into a 

Mamdani logic function, or “If-Then” rule (Mamdani, 1977) for predicting low, medium, 

or high Cyp1b1 expression levels.  Rules were created using the most common fuzzy 

subset within a cluster for each input gene and Cyp1b1 gene The third layer of the FNN 

is comprised of the Mamdani If-Then rules, with one node for each rule. The fourth 

layer of the FNN consist of the low, medium, and high  Cyp1b1 predicted expression 

levels predicted by the If-Then rules in the third layer of the network.  The low, medium, 

and high Cyp1b1 predictions in the fourth layer were combined or defuzzified into a 

single quantitative value of Cyp1b1 expression by applying the inverse of the respective 

membership functions.  The predicted Cyp1b1 expression is the fifth and final layer 

corresponding fuzzy subset membership values.  Model training was performed using 
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leave one out cross-validation (LOOCV).  A data set is partitioned into a training data set 

consisting of n-1 treatment groups and a validation data set consisting of the treatment 

group excluded from the training data (Agrafiotis et al., 2002, Lek and Guégan, 1999).  

Percent relative contribution of each input gene, also referred to in neural network 

literature as relative importance or percent influence, towards prediction of low, 

medium, and high dermal Cyp1b1 expression was determined through back-calculation 

of the neural network connection weights followed by unbiased multi-model averaging 

and percent normalization to average (mean) gene contribution (9.09%) (Garson, 

1991,Vasilakos et al., 2009).  

  The FNN was evaluated by first comparing the qualitative and quantitative 

predictive capabilities of the model to microarrays of treatment groups excluded from 

the training process using LOOCV.  The structure of the model was then evaluated by 

comparing If-Then rules to Cyp1b1 expression levels in treatment groups included in the 

training data set: If-Then rules for predicting high and low Cyp1b1 expression would be 

ideally based upon samples in the training data set with Cyp1b1 expression levels above 

and below control, respectively.  The model’s ability to identify and emphasize which 

input genes are most important for low, medium, and high Cyp1b1 expression was then 

evaluated by calculating the relative influence of each input gene on model predictions 

for low, medium, and high Cyp1b1 expression, and comparing the importance of the 

genes most influential in model predictions to their relative importance in the biological 

pathway of Cyp1b1 transcriptional regulation.  Lastly, the efficacy of the genes selected 

for input in capturing Cyp1b1 transcriptional regulation was evaluated repeating the 

LOOCV studies using three permutations of randomly selected genes as model inputs for 

comparing predictive capabilities of models with an expert selection of inputs to models 

with randomly selected inputs.

2.4 Results and Discussion

 This study develops a model for quantitative prediction of Cyp1b1 enzyme 

expression from environmental PAH mixtures in support of Tox21 and ToxCast efforts 
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to create in vivo and in silico toxicological methods for the 21st century.  Our lab 

previously observed complex effects of PAH mixture exposures in CYP activity and 

CYP1B1 expression (Courter et al, 2007b) in human cell cultures, as well as Cyp1a1 

and Cyp1b1 protein and activity levels in dermally treated mice (Courter et al, 2007a).  

Recent studies in our lab have also demonstrated distinct differences in the carcinogenic 

potency of PAHs and environmental PAH mixtures in mouse skin that are not predicted 

by RPF values alone (Siddens et al, 2012).  To further investigate the Cyp1b1 pathway, we 

developed a multi-layer fuzzy neural network model to predict quantitative changes in 

Cyp1b1 expression as a function of PAH mixture composition. 

 The primary purpose of fuzzy logic or fuzzy expert systems is to evaluate 

measurements or other quantitative values in a manner similar to the evaluation process 

performed by an individual with expert knowledge of the system of interest (Leondes, 

1998).  A fuzzy logic program evaluating the influence of co-activators or co-repressors 

on a transcription factor of interest, for example, would use documented network 

pathways, rules defined from observations of previous studies, and/or high quality 

data sets to predict how changes in the co-activators or co-repressors would change 

transcription factor activity (Pham and Liu, 1995).   Fuzzy logic systems categorize, 

or fuzzify, quantitative values, similar to the categorization process performed by 

scientists when interpreting experimental results.  Gene expression levels after chemical 

treatment, for example, are fuzzified into categories, called fuzzy subsets, such as low, 

medium, or high tumor potency for chemical mixtures relative to a control group.  

 Distribution functions such as the normal or Gaussian distribution are used 

to determine the value assigned to a fuzzy subset based upon the likelihood that a 

particular value for a given observation falls within the fuzzy subset category.   Assigning 

values to fuzzy subsets allows the system to retain the quantitative information in a data 

set, which can be used to defuzzify system outputs (using the mathematical inverse 

of the distribution function used for fuzzifying inputs) in order to attain quantitative 

outputs.  Incorporating fuzzy logic operations into neural networks allow network 

properties such as layer connections and weights to be defined based on known 

or observed correlations between selected variables rather than by mathematical 
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optimization, which in turn facilitates comparisons between the behaviors of the neural 

network and the systems of interest (Halgamuge and Glesner, 1994).  

 Cyp1b1 prediction in individual treatment groups.  Overall, the FNN model 

accurately predicted Cyp1b1 expression for each PAH treatment group, including the 

three environmental PAH mixtures.  Model predictions, corresponding microarray 

observations, and the root mean squared error (RMSE, the square root of the sum 

of the difference between predicted and observed expression levels for all samples 

in a treatment group divided by the number of samples in the treatment group) are 

listed in Table 2.2.  Average model predictions are within one log2- fold unit change 

of microarrays for all treatment groups except for DBC, where the model correctly 

predicted the unexpected result of DBC differing from the other treatment groups 

although to a greater extent (-1.34 fold-change (Log2) predicted compared to -0.28 fold-

change (Log2) actual).  RMSEs range from 0.36-1.16 log2-fold change units.   Treatment 

groups with the smallest standard deviations in microarray expression levels are 

associated with the smallest RMSEs (Mix1 and Mix2, respectively), whereas treatment 

groups with the largest microarray SDs also produced the largest RMSEs (Mix3 and DBC, 

respectively).  Model error appears to be associated with variances in treatment effects, 

and treatment groups which have large variances in dose-response may require larger 

training data sets.

 The discrepancy in magnitude between model predictions and microarray 

observations for DBC treatment can be partly attributed to differences between 

induction, steady-state level, and repression of Cyp1b1 expression. Cyp1b1 

 BaP DBC Mix 1 Mix 2 Mix 3

Model 

Predictiona 2.32 ± 1.08 -1.34 ± 0.16 0.92 ± 0.69 3.19 ± 0.08 3.02 ± 0.40
Microarrays 2.56 ± 0.37 -0.28 ± 0.62 0.95 ± 0.28 3.85 ± 0.13 3.78 ± 0.51

RMSE 0.75 1.16 0.36 0.67 1.08

`aModel predications are based on 1000 replications for each treatment group.

Table 2.2 Cyp1b1 Expression Levels (mean log2 fold change ± SE) and RMSE
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transcriptional regulation is dynamic. The interactions between regulatory proteins 

change when Cyp1b1 transcriptional regulation shifts between repressed, steady-state, 

and induced expression.  As a consequence regulation of Cyp1b1 gene expression should 

be viewed as a function with non-identical parameters for up  and down-regulation. 

Using leave one out cross-validation, the FNN created rules for predicting Cyp1b1 

following DBC treatment using BaP, Mix 1, Mix 2, and Mix 3 treatment groups, in which 

Cyp1b1 was induced.  Therefore the FNN was unable to create If-Then rules for low 

Cyp1b1 prediction and rules for medium Cyp1b1 prediction were based exclusively 

on induced Cyp1b1 samples.  Without gene expression profiles of treatment groups 

with steady-state or repressed Cyp1b1 expression, the FNN extrapolated based on 

induced Cyp1b1 samples, to predict the effects of DBC treatment on Cyp1b1 expression, 

levels lower but not significantly less than control (p=0.05).  Successful quantitative 

prediction of induced Cyp1b1 along with unsuccessful prediction of non-induced 

Cyp1b1 expression suggests that Cyp1b1 induction and repression are not mirror images 

of each other. For that reason, quantitatively predicting the entire range of Cyp1b1 

expression requires including samples with down-regulated and steady-state as well 

as up-regulated Cyp1b1 expression in the training set.  The lack of If-Then rules for low 

Cyp1b1 prediction when DBC is excluded from the training data set and the abundance 

of If-Then rules for high Cyp1b1 prediction suggest that the model correctly identifies 

which samples are appropriate for developing rules to predict low, medium, or high 

Cyp1b1.  Future models which include down-regulated and steady-state Cyp1b1 samples 

in the training data set are more likely to accurately predict Cyp1b1 expression after DBC 

treatment.

 Model predictions for up-regulated treatments are all closer to control than 

microarray observations (bias towards the null hypothesis). Gaussian distribution 

functions with two or more parameters belong to the location-scale family of 

distribution functions.  The scale parameter of the medium fuzzy logic membership 

function is larger than the low and high membership functions (7.5, 5, and 5, 

respectively).  The larger scale parameter value adds bias towards greater influence 

from the medium subset.  Similarly, defuzzifying low, medium, and high Cyp1b1 subsets 
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is biased towards greater influence from the medium subset.  Bias was intentionally 

added in order to prevent over-fitting during model training, as well as to structure 

model evaluation and interpret results from a null hypothesis paradigm.  Adopting a null 

hypothesis viewpoint allows results to be better compared and integrated with scientific 

studies, and to have greater confidence in predictions of adverse biological responses at 

the cost of diverting from current risk assessment paradigms favoring the precautionary 

principle, or bias towards overestimation of responses for the purposes of protecting 

sensitive members of the population.  

Figure 2.3 Comparison of randomly selected versus expertly selected gene lists as 
input for the FNN model and prediction of Cyp1b1 expression.  

Differences between predicted and observed Cyp1b1 expression levels were greater for 

models with randomly selected gene inputs (described in Supplemental Table S-2.2) than 

for models with an expert selection of gene inputs (Table 2.1) for all treatment groups 

with the exception of DBC.
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Cyp1b1 prediction in adding multiple PAH sources 

 Comparing the addition of PAH mixtures, in which Mix 2 contains CTE added to 

Mix 1, and Mix 3 contains CSC added to Mix 2, model predictions are in agreement with 

microarray results, in which adding CTE increases and adding CSC does not increase 

Cyp1b1 expression (Table 2.2). The inverse also applies, in which model predictions 

of subtracting CSC from Mix 3 and subtracting CTE from Mix 2 are in agreement with 

microarrays.  Model predictions of adding or subtracting PAH sources can supplement 

current statistical efforts of capturing PAH effects by establishing PAH gene expression 

signatures of complex mixtures, then using sufficient similarity to predict how deviations 

in composition from the well-studied mixtures correlate to differences in biological 

responses. 

Comparison between expertly selected and randomly selected gene inputs 

 As mentioned above, expert systems are designed to evaluate measurements in 

a manner similar to an individual with expert knowledge in the subject.  As described in 

the methods section, the structure of our expert system is derived from the relationship 

between genes involved in epithelial Cyp1b1 transcriptional regulation and Cyp1b1 gene 

expression.  If the model is properly structured, connections between network layers 

and network nodes will capture the relationships between input genes and Cyp1b1 

expression.  A properly structured expert model should therefore provide more accurate 

predictions of Cyp1b1 expression compared to models that are structured and trained 

with a random selection of genes.  Figure 2.3 shows Cyp1b1 expression predicted from 

models with random gene inputs (described in Supplemental Table 2.2) compared 

to those with expertly selected gene inputs (from Table 2.1).  For most of the PAH 

treatment scenarios, the Cyp1b1 expression predicted by the expertly selected gene 

inputs most closely followed the actual Cyp1b1 expression patterns from the microarray 

analysis providing validation for the expert-driven approach.  Differences between 

prediction and microarray expression levels were greater for models with random inputs 
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Figure 2.4 Heatmap of percent gene input weights for low, medium, and high Cyp1b1 prediction in the 1st, 2nd and 3rd 
columns, respectively. 

Weights are normalized relative to the average (mean) input weight (9.09%).   Dark green indicates an above average (higher) 

relative input weight, whereas dark blue indicates a below average (lower) relative input.
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for all treatment groups with the exception of DBC, where two of the three models with 

random inputs predicted mean Cyp1b1 levels closer to microarrays than the expert 

selection model, albeit with large standard errors in model predictions.  As discussed 

above, this is likely due to the lack of data available for prediction of low Cyp1b1 

expression (or down-regulation) in the testing and training of the FNN model.  

 

Relative percent weights of input genes

 Relative percent weights of input genes are shown in Figure 2.4 for low, medium, 

and high Cyp1b1 prediction.  Ahrr has the largest relative percent weight across all 

three Cyp1b1 fuzzy subsets, suggesting that Ahrr is a better indicator than Ahr of 

changes in Cyp1b1 expression at the sample time point (12 h). Cyp1b1 levels are more 

strongly correlated with Ahrr than Ahr in the microarrays (0.92 and -0.74, respectively), 

supporting the model’s decision to rely on Ahrr more than Ahr for predicting Cyp1b1 

expression. Understanding the importance of selecting Ahrr over Ahr from a biological 

context requires a closer look at the AhR signaling pathway.  As described in the 

introduction section, Ahrr gene expression is induced by Ahr/Arnt binding to xenobiotic 

response elements (XREs), and Ahrr heterodimerizes with Arnt, competitively inhibiting 

Ahr/Arnt XRE activation (Kawajiri and Fujii-Kuriyama, 2007).  By emphasizing Ahrr over 

Ahr, the FNN is hypothesizing that at 12 hours post-initiation Cyp1b1 expression is more 

closely related to Ahrr than Ahr, further hypothesizing that Cyp1b1 inhibition at 12h 

is predominant over Cyp1b1 induction, and Cyp1b1 levels are in general decreasing.   

Studies investigating AhR induction in cultured cells have demonstrated peak nuclear 

localization of Ahr 1-2 h after TCDD exposure (Pollenz, 2002) and peak expression levels 

of reporter genes (100-fold induction) 5 h post TCDD exposure (Fujii-Kuriyama and 

Mimura, 2005), supporting the model-generated hypothesis of  Cyp1b1 transcriptional 

regulatory network status.  Ahr microarray expression levels are lower than control 

for all treatment groups with up-regulated Cyp1b1, again in agreement with the 

model-generated hypothesis. The importance of Ahrr in regulating Ahr-mediated Cyp1 

expression has been previously shown using knockout mice as Ahrr-deficient mice 
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exhibited higher levels of Cyp1a1 expression compared to wild type after exposure to 

BaP (Hosoya et al., 2008).  

 

Applications toward risk assessment

 Risk assessment methods using RPFs assume interactions between mixture 

components are strictly additive.  The published RPFs for the individual PAHs and 

mixtures used in this study are 100, 36, 0.004, 0.34 and 0.47 for BaP (100 µg dose), DBC, 

and mixtures 1, 2 and 3, respectively (Supplemental Table 1 and Siddens et al., 2012).  

Comparing the effects of BaP, DBC, Mix 2 and Mix 3, it is apparent that the RPF but does 

not correlate will with Cyp1b1 expression.  RPFs do not have a well-defined method 

for including effects of non-PAH components present within a mixture, such as heavy 

metals, non-PAH urban air particulate matter, or for the effects of PAH components 

that are non-carcinogenic but may impact the potency of carcinogenic PAHs.  Sufficient 

similarity is another potential method that has been proposed for risk assessment.  

Sufficient similarity involves evaluating the toxicity of mixtures with complex but well-

defined compositions, and using the well-defined mixtures to predict toxic effects 

of other mixtures with similar compositions.  FNN modeling can enhance both RPF 

and sufficient similarity risk assessment methods by predicting the effects of mixture 

components suspected to have non-additive interactions or predicting combinatory 

effects with metals and other non-PAH components and PAH mixtures.  In the case of 

sufficient similarity, FNNs can consider a well-defined mixture as a single mixture and 

evaluate how adding or subtracting other components will change mixture effects, 

similar to comparing the effects of adding/subtracting CSC to/from Mix 2/Mix 3 or 

adding/subtracting CTE to/from Mix 1/Mix 2 from the microarray data mentioned above.

FNNs can be used to identify the best selection of genes to include in Tox screens for 

quantitative MOA modeling approaches.  Our FNN model hypothesizes that Ahrr is a 

greater predictor than Ahr of PAH-mediated Cyp1b1 induction in mouse skin at 12h 

post-exposure.  ToxCast reference databases include a number of assays which screen 

for human AhR, but as of yet none of these high-throughput assays include AhRr.  If 
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the role of human AhRr is similar to Ahrr in mice, then the inclusion of AhRr in future 

ToxCast assays may be necessary for quantitatively predicting the effects of chemical 

combinations that perturb pathways associated with AhR activation.  

Model limitations

 Expert systems such as FNN, are dependent on accurate, previously obtained 

knowledge of the system of interest, and are consequently limited in scope compared 

to other array approaches such as modern quantitative structure activity relationship 

(QSAR) models. The advantage to using expert systems is the ability to predict outcomes 

at a quantitative level, which is an essential component for a high-throughput in 

silico based approach for predicting interactive effects of numerous chemical mixture 

combinations, as desired by the ToxCast and Tox21 programs.  Expert systems are 

therefore not a replacement for transcriptome-wide pathway approaches, but rather a 

complement which allow scientists to quantitatively model known MOAs. 

Current model predictions are based on microarray data from whole dermal samples 

collected from mice.  Mouse and human skin tissues have several distinct morphological 

differences, including differences in epidermal thickness and inter-species differences in 

enzymatic activities.  Mouse microarrays were used for model assessment because the 

additive PAH dosing scheme provided the opportunity to compare model predictions 

and microarray measurements of gene expression for adding PAH mixtures.  The model 

structure is not species-specific and can be adapted to other model systems such as 

zebrafish, human cell cultures, and human skin. 

 Our microarray data and model predictions evaluated Cyp1b1 expression at a 

single time point post treatment, 12 h.  This time point was selected based on previous 

studies suggesting DNA adducts in murine epithelial tissue peaks at 12 h (Marsten et 

al., 2001).  Time intervals for peak PAH metabolism and CYP1B1 expression in human 

keratinocytes and other human skin cells are currently unknown and could vary 

depending on exposure conditions, such as single vs. repeated dosing interactions 

or non-PAH components during co-exposures (Courter et al., 2007b).  Future studies 
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including multiple time points would capture the temporal nature of gene regulatory 

processes and strengthen the predictions made by the algorithm. 

 As with any computational or mathematical model, the accuracy of model 

predictions are limited by the ability of a data set to capture the relevant information 

about the population of interest: models based on incomplete data, such as missing 

time points or concentrations, or data which has lost relevant information during sample 

and/or data processing are less likely to accurately simulate or predict conditions in the 

system of interest.

2.5 Conclusions

 A Fuzzy Neural Network model was developed for predicting PAH mixture-

mediated perturbations of the dermal CYP1B1 transcriptional regulatory network.  The 

model was evaluated with microarrays of RNA from FVB/N mice dermally treated with 

environmental PAH mixtures using leave one out cross-validation.  Model predictions 

were within 1 log2 fold change unit of the microarrays for all treatment groups with the 

exception of DBC, where the unexpected down-regulation was predicted but failed to 

reach statistical significance on the microarray.  Model predictions of adding coal tar 

extract (increase in Cyp1b1) or cigarette smoke condensate (no increase in Cyp1b1) to 

existing PAH mixtures were in agreement with microarray data.  Ahrr greatly influenced 

model predictions.  Further development of Fuzzy Neural Networks can supplement 

sufficient similarity or component-based risk assessment methods by integrating early, 

sensitive, and robust biological responses capable of capturing PAH interactive effects 

into the risk assessment process.

Funding

 This study was funded by the National Institute of Environmental Health Sciences 

(grants P42ES016465 and P42ES016465-S1). 



36

Conflict of Interest Statement

 None of the authors of this manuscript have any conflicts of interest associated 

with this work.

Acknowledgments

 The Authors thank Dr. Hollie Swanson for providing cigarette smoke condensate 

and Laboratory Animal Resources Center at Oregon State University for help with the 

animal studies.  Microarrays were processed by Bradley Stewart at the University of 

Wisconsin EDGE3 Core Facility.  Part of the research described in this manuscript was 

presented at the 2011 Superfund Research Program annual meeting and 2012 Society 

of Toxicology annual meeting.  Pacific Northwest National Laboratory is a multi-program 

national laboratory operated by Battelle Memorial Institute for the DOE under contract 

number DE-AC05-76RLO1830.

 



37

Chapter 3: Developing a smartphone software package for predicting 
atmospheric pollutant concentrations at mobile locations 

Andrew Larkina,b, David E. Williamsa,b,c, Molly L. Kiled, and William M. Bairda,b

aEnvironmental and Molecular Toxicology, Oregon State University, USA
bSuperfund Research Center, Oregon State University, USA

 cLinus Pauling Institute, Oregon State University, USA
dCollege of Public Health and Human Sciences, Oregon State University, Corvallis, OR, 

97331, USA



38

3.1. Abstract

 Background: There is considerable evidence that exposure to air pollution is 

harmful to health. In the U.S., ambient air quality is monitored by Federal and State 

agencies for regulatory purposes. There are limited options, however, for people 

to access this data in real-time which hinders an individual’s ability to manage their 

own risks. This paper describes a new software package that models environmental 

concentrations of fine particulate matter (PM2.5), coarse particulate matter (PM10), and 

ozone concentrations for the state of Oregon and calculates personal health risks at 

the smartphone’s current location. Predicted air pollution risk levels can be displayed 

on mobile devices as interactive maps and graphs color-coded to coincide with EPA air 

quality index (AQI) categories. Users have the option of setting air quality warning levels 

via color-coded bars and were notified whenever warning levels were exceeded by 

predicted levels within 10 km. We validated the software using data from participants 

and from simulations which showed that the application was capable of identifying 

spatial and temporal air quality trends. This unique application provides a potential 

low-cost technology for reducing personal exposure to air pollution which can improve 

quality of life particularly for people with health conditions, such as asthma, that make 

them more susceptible to these hazards. 

Key words: app, air quality, risk assessment, modeling, ozone, particulate matter

3.2. Introduction

 Air quality has a direct impact on pulmonary and cardiovascular health.  Short 

term exposures to high concentrations of fine particulate matter (PM2.5), coarse 

particulate matter (PM10) and ozone are associated with increased risk of asthma 

attacks (Akinbami et al., 2010). Long term exposure to lower levels of these pollutants 

are associated with increased risk of developing asthma (Clark et al., 2010) and 

decreased respiratory function (Gao et al., 2013).  It is currently estimated that 147 
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million Americans (41%) are exposed to elevated levels of air pollutants (American 

Lung Association, 2012) The United States Environmental Protection Agency (EPA) has 

identified ground-level ozone and PM2.5 as the two air pollutants that pose the greatest 

threat to human health (EPA, 2013), yet the level of concern among the general public 

regarding these pollutants varies widely and is largely dependent upon a person’s 

perception of risk (Bickerstaff, 2004).  

 Efforts to communicate air quality using terminology such as “PM10” and “µ 

g/m3” are perceived as too complex for the general public (Bickerstaff and Walker, 

1999), and air quality information that is reported at national and regional levels is 

not always practical for an individual (Moffatt et al., 1999). Smartphones have great 

potential to contribute to communicating personalized information about health risks 

including air pollution (EPA, 2013; Mosa et al., 2012). There are an estimated one billion 

active smartphone users worldwide (Bicheno, 2012).  For a smartphone to facilitate 

communication and understanding of the health risks posed from air pollution the 

software (app) must:

1) provide pollutant information that is representative of actual pollutant conditions at 

the person’s current location, and 

2) be perceived as useful and easy to use by the general public (Choi and Lee, 2011).  

 The U.S. EPA released an “AirNow” app which identifies the user’s current 

location and lists measured air pollutant concentrations as the air quality index (AQI),at 

the closest U.S. EPA air monitoring station. The AQI combines the concentration of 

ozone, particulate matter, carbon monoxide, sulfur dioxide, and nitrogen dioxide 

into a single index that describes the local air quality using a scale from 1-500 with 

6 color coded categories ranging from good (green, index value 1-50) to hazardous 

(maroon, index value 300-500) (EPA, 2013). This app provides useful personal air quality 

information but has limited utility for users who are not located near an air monitoring 

station or are uncertain of the nearest air monitoring station location.  AirNow is also 

limited to the most recent measurements of pollutant information and requires focused 



40

attention from the user, making it difficult to evaluate personal air quality conditions 

over time and/or during health events of interest such as an asthma attack.   

 To address these limitations, we developed the ParME (particulate matter 

estimator), app. This is new software package that utilizes spatial pollutant distribution 

models to predict air pollutant levels at any smartphone location and send predicted 

pollutant level information to the smartphone device.  The software accesses all the 

predicted pollutant information associated with the current location of the user’s 

smartphone and lets users set personalized warning levels for predicted atmospheric 

pollutants.  The software is consistent with the color warning categories employed by 

the the EPA AQI and  presents this information in well-known formats such as Google 

maps and simple graphs. The complex sampling information such as predicted levels and 

latitude/longitude values is hidden from the user until that information is requested.  

The ParME further minimizes user effort by collecting predicted air quality data and 

checking for warning levels while running in the background which further empowers 

the user to collect personal information about air quality at their location. 

3.3 Methods

 A pseudocode flowchart of the ParME smartphone software program is shown in 

Figure 3.1.  The app (the component of the software package that runs on smartphones) 

has been developed for iPhone/iPad and android devices, written in Objective C (Apple, 

2010)  and Java (Oracle, 2014), respectively.  Other components of the software package 

were written in Python (Python Software Foundation, 2008) R (R Development Core 

Team, 2012), and JavaScript (Mozilla Developer Network, 2013).  ParME also utilizes 

external libraries listed in Supplemental Materials (Supplemental List S-3.1).

Environmental modeling

 Environmental models were created for hourly PM2.5 and PM10 for the state 

of Oregon using MODIS satellite imagery and Oregon DEQ PM2.5, PM10, temperature, 
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Figure 3.1  Flowchart of the smartphone software pseudocode.  

(A) Three-dimensional graphs.  (B) Data transfer to and from Dropbox.  (C) Anonymous 

database query.  (D) Predicted level and warning response. (E) Bluetooth data transfer 

from smartphone to PC.  (F) Setup and modification of user id and warning levels. (G) 

Smartphone display of predicted pollutant concentrations.
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and relative humidity measurements from June 2008-June 2012 following the semi-

empirical method developed by Tian and Chen (Tian and Chen, 2010) with the following 

exceptions: 

1) spatial maps of relative humidity were created in the statistical software program 

R by universal Kriging of Oregon DEQ relative humidity measurements rather than 

inverse distance weighing of relative humidity observations from Geostationary 

Operational Environmental Satellite 13, and

2) model predictions were updated hourly as PM2.5 and PM10 measurements were 

posted on the Oregon DEQ website, approximately 10-20 minutes post-sampling.  

We chose Tian and Chen’s semi-empirical method because it provides hourly updates 

based on local conditions unlike most satellite-based pollutant modeling methods 

that only provide daily resolution.  For more details on these semi-empirical models 

we defer to Tian and Chen (2010). 

 An atmospheric model of hourly ozone for the State of Oregon was also created 

through inverse distance weighing regression of ozone levels measured by the Oregon 

DEQ.  Ozone predictions were restricted to the months of available data, May through 

September, corresponding to seasonal ozone patterns in Oregon.

App installation and data acquisition (Figure 3.1B,3.1F)

 Upon initial loading of ParME, the user is asked to allow connection to a cloud 

storage service called Dropbox (Dropbox, 2014) using an account created for this study.  

The user is also asked to create a unique identification name and set warning levels for 

each pollutant included in the modeling database (Figure 3.2A).  The user can establish 

their own warning levels for air quality by sliding bars on the smartphone screen (one 

bar for each predicted pollutant, color-coded to coincide with the EPA AQI categories).  

Once warning levels and an id name are created, ParME uses assisted global positioning 

system (A-GPS) technology, a combination of global positioning system (GPS), radio 
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Figure 3.2  Capabilities of the smartphone program.  

(A) Warning levels and user id can be customized.  (B) Responses to exceeded warning 

levels are returned when the app is running in the background (top) or foreground 

(bottom).  (C) Google maps display the spatial distribution of predicted pollutant 

level history while (D) touch-responsive graphs show past predicted air quality levels 

as a function of time.  (E) Statistics provide a quick summary of predicted pollutant 

concentrations.

}

}

Background

Foreground

tower signals, and wi-fi signals, to determine the current location of the smartphone. 

ParME then sends the current location (latitude and longitude), time, and warning levels 

to Dropbox as a .csv file named after the user id (Table 3.1).  

Processing smartphone data (Figure 3.1D)

 Files sent to Dropbox from smartphones are processed by a desktop computer 
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Figure 3.3 Methodology for predicting pollutant levels in the surrounding area. 

Predicted levels can be visualized as a grid, where each latitude, longitude coordinate 

pair corresponds to an x,y location (cell) on the grid.   Spatial and temporal resolutions 

of predicted pollutant levels are equal to resolutions of the underlying models.  The 

example above is a conceptual example for a theoretical model with a 1 km2 spatial 

resolution, with ParME set to analyze pollutant levels for up to 10km in all directions.  

The number of cells that must be searched to determine the pollutant levels for 10 km 

in all directions from the smartphone’s current location is determined, and the relative 

direction of cells (indicated by colors) that have predicted levels above the warning level 

are determined and added to the warning string to be returned to the smartphone.  

Table 3.1 Sample .csv file sent from smartphone to Dropbox.

Location Time Warning Levels
Latitude* Longitude* Unix time 

stamp**
PM2.5 

(μg/m3)
PM10 

(μg/m3)
Ozone 
(ppb)

44579445 -123282626 1357297323457 221.4 74.4 88.4

Data was sent from the smartphone in Figure 2A to allow for comparison between 

warning level display and warning level values sent to Dropbox.  *Expressed in units of 

microdegrees. **The number of elapsed milliseconds since January 1st, 1970.
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Table 3.2 Sample .csv file sent from Python to Dropbox.

Location Time Predicted pollutant 
levels

Warning level 
responses

Latitude* Longitude* Unix time 
stamp***

PM2.5 
(μg/m3)

PM10 
(μg/m3)

03
** 

(ppb)
PM2.5 PM10 03

**

44540046 -123269458 1357297323457 10.2 38.6 NA NA HH SW 

Warning level responses refer to the geographical location of a warning level exceedance 

relative to the latitude/longitude coordinates. NA: No value for ozone prediction or no 

exceedance of PM2.5 warning level. HH: exceeded at the current location. SW: exceeded 

in the southwest direction. *Expressed in units of microdegrees.  **Ozone.  ***The 

number of elapsed milliseconds since January 1, 1970. 

(Server1) connected to Dropbox and running a custom Python script.  Server1 

continually queries Dropbox for new .csv files.  When a new file is detected, R is called 

to run the PM2.5, PM10, and ozone atmospheric distribution models.  Models are queried 

for predicted pollutant concentrations at the time and specific location provided by 

the device, and for predicted concentrations in the surrounding region within a given 

distance from the user.   The given distance is stored in a modifiable variable, with 

a default value of 10 km (Figure 3.3).  Predicted levels for each pollutant are then 

compared to warning levels.  If predictions exceed warning levels at the current location 

or surrounding area, the pollutant type and direction relative to the user’s location (N, 

SW, etc.) is added to a variable called “warning”.  The information in the original file 

along with the predicted concentrations and the warning variable are then passed into 

Python for further processing.  Python then creates a .csv file with the location, time, 

predicted pollutant levels, and warning string (Table 3.2), and sends the file to Dropbox 

into a named folder that matches the smartphone user id. A second copy of the data is 

also added to a structured query language (SQL) database on Server1. User ids are not 

retained in the SQL database to retain participant anonymity.

Processing predictions and warnings on smartphones (Figure 3.1B)
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 ParME identifies the folder in Dropbox with the same name as the user id, 

and begins looking for new files in the folder 5 seconds after sending the original file 

described above.  Files contained within the folder are downloaded and then deleted 

from Dropbox.  Downloaded points are processed and added to a local SQLite database 

contained on the smartphone.  Updates to the database then trigger ParME to search for 

a warning string.  If a warning string is found, a notification with the warning string data 

is displayed on the smartphone screen (Figure 3.2B).  If there is no warning string, the 

most recent view is refreshed with the updated smartphone data.

Displaying predicted atmospheric pollutant levels on smartphones (Figure 3.1G).

 Predicted pollutant levels are displayed on the smartphone screen in three 

different forms: 

1) Points on a Google map.  Points are color-coded according to the EPA AQI 

categories, and are interactive: tapping a prediction point on the map brings up 

the corresponding sampling data, including latitude, longitude, sampling time, and 

predicted pollutant level, as shown in Figure 3.2C.  

2) Points on a 2D graph (Figure 3.2D), with predicted concentrations on the y-axis and 

sampling time on the x-axis.  Similar to the Google maps, tapping on a graph point 

brings up the corresponding sampling data.  

3) Statistics (Figure 3.2E), with mean predicted levels, number of sample points, and 

data for the sample point with the greatest predicted level. 

 Predicted concentrations are displayed for only one of the modeled pollutants at 

a time: a touch-responsive list at the bottom of the menu allows users to select which 

pollutant predictions are displayed (Figure 3.2C).  An option for a color-coded legend is 

also available in the menu.  Pressing the legend button brings up a touch-responsive list 

of colors, color-coded according to the EPA AQI.  Pressing a color within the list displays 

the EPA AQI description and pollutant concentration range for the corresponding 
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category (Figure 3.2E).  Pollutant queries are processed asynchronously to improve 

performance and keep the app responsive during query events.

Bluetooth data transfer and personal website (Figure 3.1E, 3.1A)

 Smartphones with Bluetooth functionality can transfer personal predicted 

concentrations to a Bluetooth-enabled PC.  A custom Python script must run on the 

target computer and instructs the computer to listen for a Bluetooth signal and send all 

incoming Bluetooth data to the Python script.  Selecting the Bluetooth (public) option 

on the ParME menu begins a search for all Bluetooth compatible devices in the area, 

producing a touch-responsive list of computers that can accept data via Bluetooth 

from the smartphone.  If the computer running the Python script is selected, predicted 

concentrations and customized warning levels will be copied from the smartphone 

Figure 3.4 Personal webpage created from Bluetooth upload of artificial data set 

(video).  

Maps and graphs in the webpage differ from those displayed on the smartphone in that 

highlighted points on the map are colored blue (left), and sliding bars in the menu can be 

used to select a subset of data points for exposure levels, hours of the day, days of the 

month, and months of the year that are of particular interest (bottom right). 
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to the PC.  The PC reformats copied data to match the anonymous database format, 

and writes the copied data to a .geojson file that can then be linked to a personal 

website with interactive graph and map displays similar to the smartphone map 

and graphs described above (Figure 3.4). The website can then be viewed from any 

computer with an internet connection and an up to date version of Firefox, Internet 

Explorer, Safari, and/or Google Chrome ( see http://people.oregonstate.edu/~larkinan/

smartphone/website_example.html ).  Website menu options include sliding bars for 

selecting specific data points that fall within the set sliding bar ranges for pollutant 

concentrations, hours of the day, days of the month, and/or months.  Bluetooth data file 

transfers are processed asynchronously to improve ParME performance and maintain 

app responsiveness.

Background functions

 When ParME is sent to the background, all functions are turned off except for 

Figure 3.5  Three-dimensional graphs, legend and locator map produced by R.  

(A) Legend displays the EPA AQI concentrations for each color (left) and relationship 

between graph point size and sample size (right), while an Oregon state map shows the 

extent and relative location of the 3D graphs.  Buttons at the top allow for turning on/

off EPA AQI threshold layers and warning level in the 3d graphs.  (B) 3D map of predicted 

concentrations from the simulated student population on February 25, 2013 from 10-

11 pm and (C) from 2-3 pm.  Both the range and geographical distribution of predicted 

levels change with respect to time.

http://people.oregonstate.edu/~larkinan/smartphone/website_example.html 
http://people.oregonstate.edu/~larkinan/smartphone/website_example.html 
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a timer that dictates when a sampling event occurs.  Expiration of the sampling timer 

triggers an activation of the A-GPS smartphone service.  A-GPS remains active until 

the current location is determined.  Once the current location has been established, 

A-GPS functions turn off to prevent battery drain, and sample data is sent to Dropbox 

as described above.  Predicted concentrations and warnings are also downloaded and 

checked for warnings.  If ParME detects a warning, a notification is displayed on the 

screen (Figure 3.2B).  

Creating 3D Predicted Pollutant Concentration Graphs (Figure 3.1A)

 Three-dimensional graphs of predicted pollutant concentrations are created in R 

by reading latitude, longitude, and prediction data from a .csv file (see above).   Latitude 

and longitude values are decreased in resolution to the nearest km, and a map covering 

the geographical extent of the copied data is downloaded from Open StreetMap.  

Predicted pollutant levels are then displayed on a 3D graph, with the x,y, and z axis 

corresponding to longitude, latitude, and mean predicted levels, respectively (Figure 3.4, 

3.5B).  Graph point size (radius) is linearly proportional to the number of sample points 

at each x,y coordinate pair, while color is based on AQI categories for mean predicted 

levels.  Predicted levels are placed in geographical context by adding the downloaded 

map as a surface on the x,y plane, and highlighting the predicted cover area on an 

accompanying Oregon state map (Figure 3.5A). 

Anonymous database queries (Figure 3.1A, 3.1C)

 Anonymous data stored in the Server1 SQL database can be queried through 

the command line and sent to R for generating 3D graphs and maps as described above.  

Data can be queried for specific times, locations, predicted pollutant levels, warning 

responses, or any combination of the above.  

Software evaluation/validation
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 ParME was validated by installing the software on mobile devices of five 

participants that consisted of four smartphones (iPhone3, iPhone4, HTC MyTouch, and 

Samsung Galaxy S3) and an iPad2.  To preserve the anonymity of participants this ParME 

validation was based on:

1) A sampled subset of data points collected from participant smartphones. These data 

points were used to validate functions designed to handle A-GPS operations (turning 

on and off GPS), uploading data to Dropbox, and updating warning levels sent to 

Dropbox when a user updates the sliding warning level bars.  Participant phones 

were also used to estimate user burden, measured by the amount of data plan usage 

and percent battery life consumed by the smartphone program.  

2) An artificially constructed validation dataset sent to participant smartphones.  

Predicted pollutant concentrations during the software validation period varied 

between good to moderate categories of the EPA AQI.  An artificial dataset was 

constructed to evaluate ParME’s ability to correctly categorize and display all possible 

AQI categories and update the visual display when a new pollutant was selected from 

the pollutant selection menu on the smartphone.  The artificial dataset was also 

used to validate the Bluetooth data upload and website creation software to similarly 

evaluate its ability to correctly categorize and display all possible AQI categories.

3) A second artificial dataset to evaluate accuracy of predicted air quality information. 

A second validation test was conducted using simulated data from 177 smartphones 

representing a population of college students at Oregon State University that 

operated ParME for 15 consecutive days.  Smartphone locations were simulated 

using multinomial distributions in which the simulated population was mostly at 

school from 10 am-4 pm, mostly at home from 8 pm-8 am, and at school and home 

in equal proportions at other times.  A small proportion of smartphones were 

simulated at random locations other than campus or home but within 20 miles of the 
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Table 3.3 Comparison of artificial dataset and smartphone display.

File Information Location Time Predicted levels AQI category

Point Source Latitude* Longitude* Time**
PM2.5 

(μg/m3)
PM10 

(μg/m3)
Ozone 
(ppb) PM2.5 PM10 Ozone

1 .csv 44540046 -123269458 1357277352553 10.9 511.4 320 Good Hazardous Very Unhealthy
1 phone 44.54 N 123.269 W Jan 03, 2013 10:13PM 11 511 320 Good Hazardous Very Unhealthy
2 .csv 44613945 -123264329 1357287356552 14.9 51.8 566 Moderate Good Hazardous****
2 phone 44.614 N -123.264 W Jan 04, 2013 9:46AM 15 52 556 Moderate Good Hazardous****
3 .csv 45543210 -123269456 1357286356551 53.7 150.5 47 UFS*** Moderate Good
3 phone 45.543 N 123.269 W Jan 04, 2013 1:00AM 54 151 47 UFS*** Moderate Good
4 .csv 44754924 -123000000 1357297356550 115.5 169.7 61 Unhealthy UFS*** Moderate
4 phone 44.755 N 123.0 W Jan 04, 2013 3:46AM 116 170 61 Unhealthy UFS*** Moderate
5 .csv 45125044 -122786456 1357237356559 160.1 351.1 83 Very Unhealthy Unhealthy UFS***
5 phone 45.125 N 122.786 W Jan 03, 2013 11:06AM 160 351 83 Very Unhealthy Unhealthy UFS***
6 .csv 44096524 -123231236 1357239356559 320.0 421.1 113 Hazardous Very Unhealthy Unhealthy
6 phone 44.097 N 123.231 W Jan 03, 2013 10:55AM 320 421 113 Hazardous Very Unhealthy Unhealthy

Smartphone and values are in agreement up to the most significant digit on display. Color-coded categories on display are also 

in agreement with expected categories.  *Latitude and longitude are in units of microdegrees in the .csv file and degrees on the 

smartphone.  ** Time is in units of milliseconds since January 1, 1970 in the .csv file and is displayed in a readable format on the 

smartphone.  *** UFS – Unhealthy for sensitive members of the population.  **** The AQI for 8 hr ozone exposures do not have 

a hazardous category.  Any concentration above the highest concentration in the very unhealthy category is therefore considered 

hazardous for display purposes.
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OSU campus center (44.565N, 123.279W).  Each simulated smartphone was assigned 

a residence location using a polar coordinate system (rho,theta) in which the campus 

center corresponds to the center of the polar coordinate grid.  Rho followed a 0.33 

mile + exponential (2 miles) distribution, while theta followed a uniform (0,360) 

distribution. Predicted pollutant levels returned to smartphones were compared to 

predictions directly extracted from pollutant models by randomly selecting 10 of the 

simulated smartphone data points.  

3.4 Results

Data points sent to Dropbox from participant smartphones

 Table 3.1 shows an example .csv file sent from a participant smartphone to 

Dropbox.  Time, coordinates, and warning levels in the in all of the sampled .csv files are 

identical to values displayed on participant smartphones.    

Artificial personal data set 

 

 Comparison between initial dataset and values displayed on the smartphone 

screen are shown in Table 3.3.  Latitude, longitude, and time are displayed as units of 

degrees instead of microdegrees, and time is expressed as a readable string instead 

of a Unix time stamp to improve human readability (Figure 3.2C shows screen display 

for data point 6 in Table 3.3).  Comparison of time units using the date formatter 

function in Java show that time, and latitude, longitude and predicted pollutant 

levels, are identical up to the number of significant digits shown on the smartphone 

display.  Observed and expected EPA AQI categories (good, moderate, etc.) were also 

identical. Statistics displayed on the smartphone screen (Figure 3.2E) were confirmed 

by calculating statistical values of the artificial data set in R.  These results validate the 

ParMe algorithms designed to download, store and retrieve data point information in 

the smartphone SQL database, and perform EPA AQI categorical transformations.  
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 The latitude, longitude, time, and predicted ozone concentration data in a 

.csv file written on a PC post-Bluetooth data transfer (data not shown) were identical 

to original values sent to smartphones (Table 3.3).  Visual inspection and clicking on 

individual points in the website created from the Bluetooth data transfer confirm 

that maps and graphs on personal websites have similar functionality to those of the 

smartphones.  

 Figure 3.2B shows the notifications produced by ParME working in the 

background (top) and foreground (bottom) when ParME processes the .csv file shown in 

Table 3.2. In Table 3.2, a warning is given for PM10 at the current location (designated by 

HH) and ozone in the southwest direction (designated by SW).  Warnings displayed on 

the smartphone correspond to the expected warning in both instances.

Simulated Student Populations

 Table 3.4 compares predicted pollutant levels generated by ParME with 

predictions extracted directly from the environmental models for 10 simulated 

locations within the time interval 2-3 pm on February 25, 2013.  Predictions were 

identical between ParME and the environmental models, validating the ParME function 

that interacts with pollution models to extract predicted pollutant levels at specific 

smartphone locations.  Figure 3.4, 3.5B shows predicted PM2.5 concentrations for all 

predicted levels of the simulated student population collected from 10-11 pm and from 

2-3 pm, respectively, for all 15 days of the simulation. Simulated smartphone location 

distributions are in agreement with the 3D exposure maps, validating ParME functions 

that query, process, and display anonymously collected data.

Smartphone battery life and data plan usage

 Percent battery change while using the app in the background and not using 

the app under otherwise identical usage conditions are shown in Table 3.5. The battery 

charge is based on 3 replicates and time duration of 2 hours for each replicate.  iPhone3 
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and iPhone4 were not included in the analysis due to  frequent participant usage of 

battery-intensive functions such as video streaming and game playing. 

 A sample of 100 files sent from the smartphone to Dropbox (20 files from each 

of the 5 participating devices) ranged in size from 57-61 bytes (average = 58.1 bytes).  A 

similar group of 100 files sent from Dropbox to participant smartphones ranged in size 

from 51-59 bytes (average = 54.5 bytes).  An approximate upper bound estimation of 

Table 3.4 Comparison of predicted pollutant levels sent to smartphones and levels 
directly extracted from models.

Location Predicted levels from .csv files Predicted levels from models
Latitude* Longitude* PM2.5 

(μg/m3)
PM10 

(μg/m3)
Ozone 
(ppb)

PM2.5 
(μg/m3)

PM10 
(μg/m3)

Ozone 
(ppb)

44.51886 -123.29697 9.7 27.4 NA 9.7 27.4 NA
44.51429 -123.28076 9.8 29.6 NA 9.8 29.6 NA
44.55537 -123.27768 9.0 24.6 NA 9.0 24.6 NA
44.56741 -123.28738 9.3 25.7 NA 9.3 25.7 NA
44.56646 -123.27605 10.2 30.1 NA 10.2 30.1 NA
44.53038 -123.24207 10.1 33.4 NA 10.1 33.4 NA
44.56959 -123.27976 10.2 29.1 NA 10.2 29.1 NA
44.56451 -123.23441 10.1 31.0 NA 10.1 31.0 NA
44.56451 -123.23441 9.9 29.2 NA 9.9 29.2 NA
44.56362 -123.36429 11.9 37.9 NA 11.9 37.9 NA

#Points were randomly selected from the simulated student population data 

corresponding to the time interval 2-3 pm on February 25, 2013.  

Table 3.5 Percent battery use with and without the app running in the background for 
2 hours.

Mean percent battery ± SE (n=3)
Without app With app

Device type
HTC MyTouch 92 ± 2 93± 2
Samsung Galaxy S3 96 ± 1 83± 1
iPad 2 100± 0 99± 1
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data plan usage for sampling every 5 minutes or 30 minutes 24 hours a day for a 31-day 

month would be 1.2 and 0.2 MB/month, respectively, in addition to data associated with 

displaying Google maps.  

3.5 Discussion

 Smartphones are very popular because of their intuitive, easy to use interface 

(Choi and Lee, 2011) and ability to incorporate real-time location information into 

applications (Pew Internet and American Life Project, 2012).  We created a new 

smartphone app that builds upon both of these features and combined them with 

environmental pollutant distribution models.  

 We demonstrated ParME’s ability to predict pollutant levels at the users’ current 

location and in the surrounding location and to compare predicted levels to customized 

warning levels for notifying users about unwanted predicted pollutant concentrations.  

Sensitivity and concern about air pollution varies widely within the population.  When 

coupled with high resolution models (both spatially and temporally), the warning 

system has the potential to evolve and suggest optimal driving, biking, or running 

routes regarding air quality, or can integrate data from smartphone accelerometers 

to prioritize warning levels toward the general direction that the user is headed.  We 

utilized well established air quality prediction models (Tian and Chen, 2010) designed 

the software architecture so that other developers can readily exchange Tian and Chen’s 

semi-emirical models for other prediction models as desired. While we did not evaluate 

the accuracy of air quality predictions extracted from the air pollution models,  we did 

verify the accuracy of the smartphone software in relaying model predictions to the 

user.  Functions within the software architecture for extracting predicted pollutant 

concentrations from environmental models are compatible with any pollution model 

output in georeferenced tiff format, facilitating use of ParME with various modeling 

methods and pollutants of concern.  ParME is the first app that we know of that 

can adapt to any combination of environmental pollutant models, regardless of the 

underlying methodology or the spatial and temporal extent of model predictions. 
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 The largest sources of user burden associated with ParME were data plan usage 

and decreased battery life.  The data plan usage was minimal and depended on the 

number of interactions (panning, zooming, etc.) a user had with the map display.  The 

basic functions required by ParME for one year of service uses the data plan equivalent 

of one half of a high resolution photo, and amounts to less than one tenth of one 

percent of the smallest monthly data plans currently offered by major smartphone 

service carriers.  Impact on battery life varied significantly between mobile devices (1%-

13% average decrease in percent battery over two hours, (Table 3.5).  This was mostly 

due to:

1) differences in battery size and energy efficiency of internal GPS chips.  We minimized 

the impact on battery life by taking GPS locations every 30 minutes . The popularity 

of location based services such as driving directions combined with continual 

improvements in battery size and GPS chip efficiency, however, are expected to 

reduce battery consumption by GPS functions to the point where battery usage 

related to location measurements becomes minimal.

2) Differences in smartphone hardware and memory allocation practices.  Comparison 

of memory allocation between the HTC MyTouch, iPad2 and Samsung Galaxy S3 

showed that the GalaxyS3 retained a large percentage of the ParME visual display 

in memory even when ParME was in running in the background.  The MyTouch and 

iPad2, in contrast, cleared all ParME displays from memory, greatly reducing the 

amount of memory and battery consumption used by ParME in the background.  We 

believe that further optimization of ParME memory allocation can greatly reduce the 

amount of battery consumed by the Samsung Galaxy S3, particularly while operating 

in the background.

 ParMe was developed using open source technology to facilitate distribution to 

the general public and scientific research groups for minimal or no cost.  Personalized 

information about air quality can be facilitate efforts by individuals and their health care 

providers to identify exposure conditions associated with adverse outcomes.  People 
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who are susceptible to air pollution, such as individuals with asthma, can benefit from 

advanced ParME functions, such as identifying local air quality conditions that occurred 

at the time of asthma attacks and sharing this information with physicians via the web. 

These individuals could subsequently set customized warning levels to match predicted 

air quality conditions which will warn them of local air quality conditions.   To our 

knowledge, ParMe is the first app that allows for customized air pollution warning levels. 

Since smartphone ownership is lower among the elderly and the very young - and 

these age groups are more sensitive to air pollution - we are adapting ParME to work 

on basic pre-paid cell phones with GPS capabilities.  Preliminary results suggest that the 

predicted concentration display and warning capabilities can run on basic cell phones 

using a simple text messaging system. If past trends of smartphone technologies trickling 

down to basic cell phones continue (Nielsen, 2012), basic cell phones will soon have the 

ability to run the full ParME version.

 The field of air pollution informatics is developing rapidly, and there are several 

alternative approaches to the smartphone software approach described in this paper. 

Alternative approaches include portable biomonitors and crowd source data sharing.  

Portable biomonitors have been developed which sample volatile organic carbons 

(Chen et al., 2012) and particulate matter (Bude et al., 2013)  and send measurement 

readings to an attached smartphone in real time.  Biomonitors have potential for 

greater accuracy and spatial and temporal resolution than the proposed environmental 

modeling approach.  Biomonitors cannot, however, warn users about high pollution 

levels before an exposure occurs and are limited to individuals who have acquired the 

appropriate external biomonitors, a small subset of the current 1 billion smartphone 

users.  This limitation has been partly overcome through crowd source data sharing 

(Budde et al., 2013), in which pollutant measurements from biomonitors are uploaded 

to a public participation database and are accessible through webmaps.  Crowd source 

sharing methods can provide air quality information to most smartphone users, but 

are still limited in their ability to provide a history of predicted air quality conditions 

or customized user warnings for individuals without additional hardware.  Current and 

future crowd source methods can benefit from implementing several of the software 
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tools described in this paper. 

 In 2007, the U.S. National Research Council (NRC) called for a fundamental shift 

in toxicological risk assessment practices, which among other specific aims identified a 

need for greater biomonitoring and inclusion of inter-individual differences in exposure 

and susceptibility in the risk assessment process (NRC, 2007).  Similar visions of a 

21st century toxicology program released by the U.S. National Institutes of Health 

(NIEHS,2004), and U.S. EPA (Dix et al., 2007) quickly led to support and subsequent 

advancements in personal biomonitoring technology, as mentioned above.  Despite 

these recent advancements, biomonitoring of numerous chemicals of concern for the 

majority of the population is, at present, financially and logistically infeasible.  In this 

paper we have demonstrated the utility of coupling open-source software with widely 

adopted smartphone technology for estimating both individual and population level air 

quality conditions.  To our knowledge, ParME is the first financially feasible method for 

providing a modern, personalized risk assessment process to a large percentage of the 

population, and consequently has great potential to advance health agency visions of 

future risk assessment practices.

 Exposure level estimates based on personal mobility, measured by geolocation, 

have been shown to be more accurate compared to conventional estimates based on 

residence location alone (Setton et al., 2011).  In this paper we demonstrated the ability 

to acquire geolocation data and incorporate the data into air quality measurements in 

an automated, open source software framework, generating 3d maps of predicted air 

quality for the entire sampling population (Figure 3-5).  We therefore conclude that 

data anonymously collected from ParME participants have great potential utility for 

risk assessment and regulatory agencies as well as epidemiologists concerned with air 

pollution exposures.  

 In this paper’s introduction, we stipulated two necessary criteria for a 

smartphone app to effectively communicate health risk related information.  The proof 

of principle project described in this paper has demonstrated several novel applications 

of currently existing computer science technologies that have potential for meeting 

these requirements.  Future studies with a diverse group of participants are necessary, 
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however, before conclusions can be made about the utility of the described application, 

or the application’s impact on the general population’s risk perceptions of atmospheric 

pollutants.

 3.6 Conclusions

 A new software program was created that utilized smartphone technology 

coupled with predictive environmental air pollution models that can be used to find your 

personal exposure to air pollution.  This information would be most useful for individuals 

who want to reduce their risk from the adverse effects of air pollution.  Software 

validation was based on data collected from 5 participating smartphones, a simulated 

student population, and an artificial data set.  Expected and realized results for all of the 

tested components were identical. We conclude that smartphones have the potential to 

integrate several aspects of community outreach and personal health into a single, user-

friendly program with minimal financial cost.
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4.1 Abstract

 Mobile health care technologies have advanced rapidly since the widespread 

adoption of smartphones.  A number of apps have been developed to inform users 

about air pollution, diabetes, food, and exercise.  Recent apps have incorporated 

personal information such as location and diet to increase user interest and utility of 

health informatics.  Risk perception studies have shown, however, that in addition to 

information, emotions also influence risk perception and decisions.  To our knowledge, 

the emotional influence of health apps on risk perception and risk decisions has never 

been formally evaluated. 

 We previously developed four smartphone-oriented software products for 

communicating environmental pollution information to the general public.  These 

products were designed according to the Technology Acceptance Model used by 

businesses to optimize potential interest of a product within a target audience.  We 

further evaluated these products from a risk perception perspective using the affect 

heuristic, economic behavior theory, and interactive electronic media models to identify 

strengths and limitations of the current product versions and how they can be improved 

prior to public testing.  

 Several characteristics of the developed software conform to both business and 

risk perception models, particularly regarding interactive components such as user-

defined warning levels and inclusion of personal information such as location.  Risk 

perception models identified several interactive components and customization options 

to further enhance risk communication.

 We conclude that smartphone apps and other forms of interactive electronic 

media allow for customized risk communication efforts with great potential for risk 

communication to a diverse audience.  Inclusion of risk perception models in the 

software development process has the potential to improve risk communication 

products.
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4.2 Introduction and Background

 Health risk perceptions often differ between experts and the general public.  

Risk estimates of chemical products (Slovic et al., 1995) and radioactive waste (Flynn et 

al., 1993) for example, are much higher whereas estimates of X-rays (Slovic, 1987) and 

radon (Weinstein et al., 1988) are much lower among the general public compared to 

experts.  Such discrepancies in risk perception can lead to adverse events, including poor 

risk decisions and potential subsequent consequences by members of the general public 

whose risk perceptions substantially deviate from actual risk.  

 Several theories have been postulated to explain this discrepancy and minimize 

expert and laypeople risk perception biases.  The Economic Behavior Theory (EBT), a 

popular model in the mid to late 20th century, hypothesizes that individuals will act in 

a rational manner to obtain the best possible outcome for their own personal pleasure 

or gain (Sloan et al., 2003).  Under such a model, experts possess a higher degree of 

pertinent knowledge for a given risk compared to laypeople, and differences in risk 

perception can be narrowed perhaps to the point of consensus through continued 

education among the general population. Many health risk communication efforts in the 

1960’s through 1990’s conformed to EBT (U.S. Government Printing Office, 1960; Federal 

Trade Commission, 1966; U.S. Government Printing Office, 1984), with notable successes 

in campaigns to discourage underage smoking in particular.  

 Successful reductions in teen smoking were marginally reversed in the 1990’s 

(Gruber and Zinman, 2001; Buttross and Kastner, 2003), however, despite continued 

education efforts and increased restrictions on youth-oriented advertising.  Young 

smokers and non-smokers alike were well aware that smoking can lead to lung cancer 

(Viscusi, 1992; Weinstein et al., 2004) and emphysema (Weinstein et al., 2004), but they 

still underestimated their own personal risk (Slovic et al., 2001; Weinstein et al., 2004).  

EBT by itself failed to explain this unexpected phenomenon.

 In 2001, Paul Slovic presented a competing theory called the affect heuristic 

model (Slovic et al., 2001).  Affect heuristic models hypothesize that risk perceptions 

are influenced by positive or negative feelings (affect) associated with a stimulus, 
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such as the sight of a cigarette, before relevant knowledge is considered in the risk 

perception process (Slovic et al., 2004).  This affect acts as an initial anchor, establishing 

the general category (very good, good, bad, etc.) and context for subsequent reasoning 

processes.  Slovic and associates further demonstrated that communications designed 

to influence individuals through affect could be more influential in short term decision 

making than communications designed to influence individuals through objective 

analytical information (Small et al., 2007).  Affect heuristic models hypothesize that risk 

perceptions will differ between experts and laypeople, even in cases of similar pertinent 

knowledge, because of the differences in affect associated with a given stimulus or 

event. 

 EBT and affect heuristic research have greatly advanced risk perception 

theory.  The greatest impact event in risk communication and risk perception over the 

past several decades, however, did not originate from research, but rather through 

widespread adoption of interactive electronic media through the Internet in the 1990’s 

(Newhagen and Rafaeli, 1996), followed by smartphones in the new millennium (Ozdalga 

et al., 2012; Lee et al., 2014).  These technologies led to a dramatic revision of health 

risk communication in United States.  Although the exact percentages differ between 

surveys (42%-86%, Cohen and Stussman, 2010; Ek et al, 2013; Xiao et al., 2014), use of 

the Internet for accessing health care information is clearly on the rise.  

 Studies comparing electronic and standard print media found that interactive 

components of electronic media, such as hyperlink texts and mouse rollover highlights, 

can both facilitate (Chou, 2003) or impede (Calisir and Gurel, 2003; Waniek et al., 

2003) interest level, knowledge retention, and overall approval of presented material, 

dependent on the quality of interactive component design (Dijkstra, 2005; Lustria, 2007).  

In these studies, well-designed interactive components of electronic media enhanced 

user experience, while poorly designed components distracted users and increased 

efforts required to understand the presented material.  Interactive components that 

were particularly effective at enhancing user interest and knowledge retention were 

inclusion of personal information (Dijkstra, 2005) (e.g. name, number of cigarettes 

smoked), adaptation of material to fit personal demographics (e.g. photos with minority 



64

subjects for users from a minority demographic) (Rimer et al, 1999), and feedback 

of user input to provide insight about personal characteristics (e.g. based on your 

interest in athletics, the following information about the impact of smoking on athletic 

performance might be of interest to you….) (Dijkstra, 2005). Although all of these 

interactive components are available in traditional print media, (e.g. health care mailings 

with personal names printed in the message), electronic media allows for real time 

interaction and delivery of a single product to diverse target audiences.

 Few if any members of the life sciences community could have predicted the 

speed at which interactive communication capabilities have advanced since the turn 

of the century.  At present, more than 1 billion people (Bicheno, 2012) have real time 

access to a wealth of information available through personalized computers, connected 

wirelessly to the Internet, (smartphones) that are small enough to comfortably fit 

within child-sized pockets. These devices contain internal sensors capable of tailoring 

information specific to the user’s current condition, such as current location and 

trajectory (through a GPS chip and accelerometer), and can also communicate with 

external sensors for measuring internal and external environmental conditions such 

as heart rate (Oresko et al, 2010), respiratory rate (Zhang et al., 2010), and air quality 

(Zappi et al., 2012).  All of these “personal sensors” have the potential to contribute to a 

highly effective, tailored and personalized risk communication message.  

 Several technologies have been successfully developed to utilize personal 

sensors and communicate health risk information in a personalized, effective manner 

(Oresko et al, 2010; Zhang et al, 2010; Tran et al., 2012; Zappi et al., 2012; Carter et al., 

2013).  Although these programs have embraced interactive components of electronic 

technology to enhance knowledge and understanding, conforming to EBT, the potential 

influences of affects or emotions in interpreting interactive electronic media are still not 

well understood.

 We recently developed four smartphone-oriented technologies for 

communicating environmental pollution information to the general public.  These 

technologies were designed according to the Technology Acceptance Model (TAM) 

(Sellen et al., 2002; Sivaraman et al., 2013), widely utilized in the business technology 
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industry to maximize the likelihood of product adoption by target audiences.  In brief, 

TAM hypothesizes that technologies with high potential for target audience adoption will 

be easy to learn and use, and are perceived as useful by the user. Products developed 

according to the TAM are expected to contain many characteristics that conform to 

EBT and affect heuristic models, such as providing information that is useful to the user 

through visually appealing and easy to understand displays.  The principal objectives 

of business technology and risk perception models, however, are distinctly different 

(high rate of user adoption and profit vs. accurate user risk perception and protection 

of human health), and may partly explain why mobile health technologies developed 

by businesses often fail to significantly change user behavior or risk perception (Slovic, 

1987; Calistir and Gurel, 2003; Sloan et al., 2003). 

 In this paper, we evaluate our smartphone technologies from an affect heuristic/

EBT/interactive electronic media hybrid perspective, in which we hypothesize that affect 

and pertinent knowledge both influence perceived risk, and can both be utilized to 

maximize the potential impact of risk communication.  We further hypothesize that the 

unique interactive components of electronic media strongly influence user affect and 

knowledge retained while using an electronic program, and therefore strongly influences 

user risk perception in ways that are not available from conventional non-interactive 

media.  

4.3 Methods

Air pollution predictions

 Hourly predictions of fine particulate matter (PM2.5) and coarse particulate 

matter (PM10) were previously created for the State of Oregon using the semi-empirical 

method developed by Tian and Chen (2010).  Hourly ozone predictions for Oregon were 

created using inverse distance weighing of seasonal ozone measurements collected by 

the Oregon Department of Environmental Quality.  Prediction errors were calculated by 

adding estimated standard deviation of measured pollutant concentration to estimated 



66

model error (Eq 4-1.)

 Prediction error = σ̂environmentalPM2.5 + σ̂model prediction    Eq 4-1.

 As the technologies described in this paper are compatible with any forecast 

modeling approach and the focus of this paper is on risk communication rather than 

risk characterization, we defer the reader to myriad excellent stochastic modeling 

publications (Fedorov, 1989; Zimmerman et al., 1999; Webster and Oliver, 2007; Delfiner, 

2009) in favor of evaluating the smartphone products.  

Air pollution webmaps

 Hourly fine particular matter predictions and corresponding prediction error 

were loaded into GIS software Geospatial Data Abstraction Library (GDAL) to create 

a color ramp corresponding to the EPA air quality index (AQI) categories.  Color ramp 

was enhanced with hillshade, sloperamp and an OpenStreetMap as the baselayer 

(Supplemental Figure S-4.1).  Hillshade and sloperamp were added to ease the effort of 

interpreting marked spatial increases and decreases in PM2.5 concentrations, particularly 

for individuals who are red green color blind and would otherwise have difficulty in 

distinguishing good (green AQI category) from very unhealthy and hazardous (red and 

maroon, AQI categories, respectively) air quality.  For convenience we refer to hillshade 

and sloperamp collectively as an “elevation effect”.  

 Maps were then loaded into the software program TileMill for generating multi-

resolution image pyramids, partitioned into tiles.  Tiles were then loaded into online 

map server MapBox and published online via a customized website.

 The customized website was created in Adobe Dreamweaver.  The website 

is mobile responsive, changing format based on the type of device used to view the 

website (desktop, tablet, or smartphone, Figure 4.1).  The amount of detail provided in 

each format is directly related to the approximate screen size: users visiting the website 

through a mobile phone, for example, have a small viewing screen and are expected 
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Figure 4.1 Hourly PM2.5 mobile responsive website.

Mobile responsive websites change format based on display screen size.  (A) When viewed 

on a desktop, detailed map information is provided in addition to the hourly forecast, 

prediction error, and legend components shown on the iPad format (B).  (C) The website 

viewed on a smartphone contains only the forecast map and corresponding legend, to 

minimize time requirements and maximize ease of interpretation.

CC
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to want basic information to make a quick decision.  In contrast, users visiting the 

website from a desktop are expected to have a relatively large computer screen and are 

more likely to be interested in acquiring detailed information relevant to the displayed 

webmaps.

Particulate matter estimator app

 An app named Particulate Matter Estimator (ParME) was developed for iPhone 

and Android phones in programming languages Objective-C and Java, respectively.  

ParME predicts air quality through identifying the smartphone location via assisted GPS 

(a combination of GPS, cellular tower, and wi-fi technology) and accessing environmental 

pollution models stored in an online database.  Model predictions at the smartphone 

location are returned to the corresponding smartphone.  Smartphone location, time, 

and model predictions are sampled every 30 minutes, and predictions are stored on the 

smartphone in an SQLite database. 

 ParME conveys predicted air quality information through three different displays: 

1) points on a Google map, color coded to coincide with the EPA AQI categories, 2) 

points on a time series graph, and 3) summary statistics and shown in Fig. 4.2.  Map 

and graph points rely on visual interpretation of predicted air quality by default.  ParME 

displays air quality information in numerical form when the user presses on a point in a 

map or graph.

 ParME also has a warning system, in which users set customized warning levels, 

one warning level for each modeled pollutant in the database (Figure 4.2).  Warning 

levels are then compared to predicted air quality conditions at the user’s location and 

the surrounding area, and a warning message is returned to the smartphone if any of 

the warning levels are exceeded.   See Chapter 3: Developing a smartphone software 

package for predicting atmospheric pollutant concentrations at mobile locations for 

more details about the ParME software.

Emergency warning webmaps
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Figure 4.2  General properties of the ParME program (video).

(A) Customized warning levels for notifying users about unwanted air quality conditions in the surrounding area.  (B) Interactive 
Google maps and graphs color coded to coincide with the EPA AQI categories.  (C)  Summary statistics of predicted air quality 
conditions. 

A CCA






70

Figure 4.3  Properties of the emergency warning map program.  

(A) Warning area consists of the area of concern (blue) and 1 km buffer (red). (B)  Customized warning messages are sent to the 

smartphones located within the warning area.  (C) Clicking on the ok button in the warning message navigates the smartphone 

user to a website showing the current user location, area of concern, and hazard information.  

Projection: Web Mercator EPSG 3857
Datum: Word Geodetic System 1984
Author: Andrew Larkin
Created on March 13th, 2014

A BB CC
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Figure 4.4 Augmented reality program.

Distinguishing figures of the augmented reality program include: (A) wallpaper display, 

(B) Opaque confidence interval overlaid on top of a translucent EPA AQI scale , and (C) 

compass directions, oriented towards the direction the phone is pointing, responsive to 

pinch zoom gestures for changing spatial extent included in each direction.

ug/m3 Predicted Air Quality

+ 2 P.E.

- 2 P.E.

Opaque con�dence intervalTranslucent EPA AQI scale

good

moderate

unhealthy for sensitive individuals

unhealthy

very unhealthy

hazardous

B

1 km2

C
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 The webmap and ParME warning system described above were modified and 

integrated into a single Android app for emergency hazard notifications. Just as with 

ParME, the emergency warning webmap system is based on identifying smartphone 
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locations and accessing environmental models within a cloud storage database.  

Environmental models for the emergency webmaps, however, are binary, in which 

locations that are within or near a hazard area are assigned a value of one and all 

other locations are assigned a value of zero (Figure 4.3).   If a value of one is returned 

to the smartphone, the smartphone displays a warning message and directs the user 

to a customized website with a map of the area of concern, a marker designating the 

current smartphone location, and information relevant to the hazard event.  Users 

who are not within or near the hazard area are not notified, allowing for the ability to 

broadcast hazards of various extents and tailoring communications to directly affected 

communities.  

Augmented reality application

 An augmented reality display was created for the underlying Android ParME 

data structure using OpenGL for Embedded Systems (Figure 4-4).  The motivations for 

an augmented reality display were to develop a stronger visual association between the 

user’s current location and pollutant predictions, and to establish a display interface 

compatible with upcoming smartglass technologies, most notably Google glasses.

 The augmented reality app displays air quality predictions range of values on 

the EPA AQI scale, encompassing the current predicted air quality +/- 2 prediction 

errors.  Also included in the augmented reality display is a compass, with compass 

arrows color coded again according to the EPA AQI.   The compass consists of predicted 

air quality in the four cardinal directions, using the smartphone’s magnetic compass 

and accelerometer to adjust the compass display appropriately for the direction the 

smartphone is currently pointing, (N,S,E,W) and to adjust for the smartphone orientation 

(portrait or landscape).  Compass predictions are by default extracted from air quality 

predictions nearest to the current user’s location. Users can use pinch/zoom gestures, 

however, to override the default behavior to calculate predicted air quality in each 

cardinal direction based on an equally weighted average of predictions for a user-

determined distance from the current user’s location.   
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The augmented reality program also includes a live wallpaper option, displaying a non-

interactive real time version of the compass and air quality predictions interval as the 

background of the smartphone home screen.

Technology evaluations

 Each of the four computer technologies mentioned above were evaluated 

according to the proposed affect heuristic/EBT/interactive technologies hybrid model.  

Components with positive or negative influence on affect heuristic were noted first, 

followed by components that affect EBT.  Interactive elements were evaluated through 

their indirect influences on affect and EBT.  

4.4 Results and Discussion

Air pollution webmaps

 According to the affect heuristic, EPA colors for the most part are well chosen 

to enhance or reduce the feeling of risk at high and low air pollution concentrations, 

respectively.  Green and red colors both have several positive and negative associations 

in western cultures (Kaya and Epps, 2004), but green overall induces emotions of 

relaxation and reservation (Mahnke, 1996), while red induces feelings of excitement 

and stimulation (Ballast, 2002).  The EPA AQI assigns colors of increased stimulation 

to increased pollution concentrations, appropriately increasing risk perception with 

increased risk.  

 The elevation effects will similarly reinforce the EPA AQI color affect, with 

increased elevation positively correlated with increased EPA color stimulation and 

corresponding risk perception.  The current implementation of elevation effects, 

however, highlights too many small changes, distracting from the more significant 

pollution concentration changes. A better approach would be using a filtered version 

of the elevation effects that only accentuates larges changes in slope and higher 
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Figure 4.5 Example visual displays for the proposed ParME interactive legend.

Visual images can enhance knowledge and adjust risk perception for good (left) in 

contrast to hazardous (right) air quality.

concentration levels, facilitating user focus on areas with greatest amount of risk (Peters 

et al., 2007a). 

 According to the interactive electronic media theory, well-designed, responsive 

formats can increase utility by adapting website content to the unique screen sizes 

and user objectives when accessing data through various devices (mobile, tablet, 

or desktop).  We designed our mobile website format to contain basic air quality 

forecasts for short information sessions to support quick decisions by mobile users.  

Approximately half of all smartphone Internet use occurs at public locations (Cui and 

Roto, 2008), and the majority of smartphone Internet usage is for gathering specific 

details of interest, such as weather conditions or map directions (Sellen et al, 2002; 

Cui and Roto, 2008).  Mobile formats are easier to interpret and more highly approved 

by smartphone owners than non-responsive websites (Schmeidl et al, 2009). Use of a 

mobile responsive website design which includes simplified format for mobile devices is 

supported by the EBT.  

 In contrast, the desktop format of the air pollution webmap website was 

designed to contain a greater number of details related to the forecast and prediction 

error webmaps.  Additional information such as EPA AQI descriptions and hyperlinks 

to data sources such as the Oergon DEQ would increase the potential for greater 

knowledge and more accurate risk perception, according to EBT.  
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 Currently all three formats have interactive capabilities: users can zoom in 

and out of maps and change legend units.  More interactive elements can be added, 

however, which would increase the amount of pertinent information the user can access 

and potentially learn (Sandoval-Almazan and Gil-Garcia, 2012). Hovering a mouse over 

the forecast or prediction error map should present the predicted air quality at the 

corresponding given location.  Map highlighting options should also be available, such as 

highlighting air quality concentrations above a given value.  Adding a marker on the map 

designating the user’s current location, similar to the emergency response webmaps, 

will add pertinent information.

 The legend currently displays air quality in units of μg/m3.  Studies have 

shown, however, that laypeople and experts both have a difficult time incorporating 

absolute values to relative risk without a reference or anchor (Peters et al., 2007b).  

To put predicted concentrations into context, the mean state average forecast or 

average forecast for the current location could be highlighted in the EPA AQI scale.  

Supplementing or replacing units of μg/m3 with brief descriptions of each category (safe, 

unhealthy, etc.) is supported by both affect heuristic and EBT.   

ParME evaluation

 The ParME warning system will most likely have the greatest effect on risk 

perception, according to the affect heuristic and electronic interactive media theories.  

Members of the general public who actively participate in the risk assessment process 

are more likely to trust risk assessment results and feel that they have more control over 

their own personal risk.  Users are participating in the warning system by setting warning 

levels at values they believe are deleterious.  Warning messages therefore have the 

potential to carry more weight than a widespread generalized warning message, with a 

corresponding increase in perceived risk.  

 Visual images have been shown to increase risk perception and understanding 

greater than comparable text descriptions (Lipkus and Hollands, 1999; Stone et al., 

2003; Peters et al., 2007b).  Adding visual images of various air quality conditions to the 
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Figure 4.6 Social amplification theory emergency warning maps.

Maps are designed to amplify (left) or attenuate (right) perceived risk among the general 

public.

interactive legend text can further influence risk perception according to affect heuristic.  

Pictures of good air and poor air quality, for example, can be displayed when the user 

presses the good and hazardous sections of the interactive legend, respectively (Figure 

4-5). 

 ParME air quality predictions are specific to an individual’s current location 

which, according to the interactive electronic media and EBT, are more personalized, 

informative, and interesting to the user, with subsequent greater influences on risk 

perception compared to large extent, impersonal air quality predictions.  Options to hide 

or show numerical representations of sampling information by pressing graph or map 

points on the screen also enhances personalization and risk perception impact (Peters et 

al., 2007a; Peters et al., 2007b).    

 The utility of the summary statistics is arguable.  Although the summary statistics 

are personalized as the data set consists of personal air quality predictions, absolute 

values of pollution concentrations are difficult to interpret without an appropriate frame 

of context, as mentioned above.  Summary statistics can be improved by providing a 
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Andrew, which display do you prefer?

Category forecasts

70% chance
      moderate

Confidence interval

ug/m324

Figure 4.7 Options for improved uncertainty communication.

Letting users choose to have communications explained as a maximum likelihood value 

(left) or confidence interval (right) enhances personalization and decreases effort in 

interpreting predictions.  

frame a context, such as average personal predicted air quality relative to average state 

predicted air quality, or average amount of time per day predicted air quality is above 

the customized warning level or the good or moderate EPA AQI categories.  

 Air quality predictions are currently based on the environmental models 

described in the methods.  Although the general population considers data from health 

institutes and academia highly trustworthy, the general population, as mentioned 

above, become more invested and interested in risk assessment when they are active 

contributors in the risk assessment process.  Several crowd source models of monitoring 

environmental pollution have been developed, and are compatible with ParME (Nikzad 

et al, 2011; Sivaraman et al., 2013).  ParME currently interacts with models of several 

different pollutants, and could easily include several different models for the same 
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pollutant.  Allowing users to select the underlying data source (i.e. crowdsourcing, 

regulatory, or both) for personal air quality predictions increases personalization 

and user interest, subsequently increasing the impact of predicted air quality on risk 

perception, according to interactive electronic media theory.

Emergency maps evaluation

 The emergency maps technology is unique from the other described 

technologies because of the focus on acute, single exposure hazards in contrast to 

cumulative subchronic or chronic exposures to common pollutants.  To that end, the goal 

of the emergency maps are to prevent exposures from occurring in an area of concern 

and minimize secondary consequences such as public panic rather than to increase or 

decrease risk perception to the most accurate representation of actual risk.  From an 

affect heuristic perspective, colors and opacity of the exposure area and surrounding 

area can significantly alter risk perception of an acute event, similar to the differences 

in EPA AQI colors described above.  Stimulating colors increase perceived risk, while 

relaxing colors will have the opposite effect.  We also hypothesize that satellite imagery 

will feel like a more realistic representation of a geographic area and increase risk 

perception compared to road maps such as OpenStreetMaps.  Lastly, descriptions can be 

carefully worded to increase or decrease perceived risk: people respond more strongly 

to descriptions of losses or costs (health hazard, risk to health) rather than gains or 

benefits (Kahneman and Tversky, 1979; Stone et al., 2003) (Figure 4-6).  

 From an EBT perspective, emergency maps are potentially valuable in that 

warning messages are only sent to individuals within or near the hazard area.  

Personalizing warning messages based on location according to interactive electronic 

media theory makes it more likely that warning messages will be considered rather 

than ignored.  EBT theorizes that additional links can be added to the emergency maps 

website for increasing the potential amount of pertinent knowledge provided to visitors 

for a more accurate risk perception.
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Augmented reality application evaluation

 The use of a real time heads up display is uncertain with regards to impact 

on affect. Using a real time video feed might enhance affect by placing predictions in 

context of the user’s current environment.  To acquire a real time video feed, however, 

the user has to hold the phone in a vertical position, which may feel awkward and 

unnatural.  Augmented reality displays are currently the only option for displaying 

technologies on smartglass devices such as Google glass.  If smartglass technology is 

widely adopted in the future similar to smartphone technologies today, then augmented 

reality will be an essential component in future risk communication efforts.  Future 

studies regarding the impact of augmented reality on emotion and perception are 

certainly warranted.

 From an EBT perspective, compass options provide additional customized, 

interactive information that can be valuable for making decisions and perceived risk 

of air quality in the surrounding area.  Compass impact could be greatly improved by 

providing a directional service such as an environmental pollution version of MapQuest 

or a path of virtual arrows or “breadcrumbs” to help better inform the user where the 

low risks of air pollution adverse effects are.  

 We hypothesize the use of a confidence interval from an EBT perspective has 

mixed results: Individuals who have low numerical literacy often ignore uncertainty 

information and either accept a value or not, while individuals who are numerically 

literate better evaluate and retain reported levels of uncertainty (Gettys et al., 1973; 

Peters et al., 2007b).  Providing initial settings options for individuals to customize 

the data for either a maximum likelihood (e.g. weather forecasts, 58% chance of rain) 

(Figure 4-7) or the current confidence interval approach would provide additional 

personalization and increase ease of effort in interpreting uncertainty.

General discussion

 One of the great challenges in understanding risk perception is understanding, 
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appreciating, and considering the diversity of target audiences when developing media 

for risk communication.  There is no single media source or “right way” to communicate 

health related information to every member of a general population.  Modern 

communication efforts can be optimized by utilizing multiple sources of media, and 

when possible incorporating personalization techniques such as interactive electronic 

media which can modify content to optimize individual needs and preferences. 

 Differences between the emergency map and other described techniques 

highlight the important challenges associated with communicating risk of acute 

compared to chronic exposures.  In contrast to short term exposures, risks associated 

with cumulative long term exposures are more difficult to explain, and more difficult to 

identify behavior modifications that substantially reduce risk without significant effort 

(Frederick, 2005; Benjamin et al., 2013; Peters et al., 2007c).  Generating interest in 

chronic exposures will require establishing links in personal behavior that can affect 

personal health.  

 The tools described in this paper utilize interactive electronic media for providing 

unique, personalized risk information to a diverse target audience. The described tools 

were developed using the business technology model TAM, but nevertheless contained 

a number of traits which conformed to the risk perception models affect heuristic theory 

and EBT.  Affect heuristic and EBT analysis of the developed technologies identified 

several traits within each tool that enhance risk perception, and several traits which 

could be added or modified to improve risk communications further.  These analyses 

suggest that there is potential for collaboration among health technology businesses and 

risk communication groups, but that communication groups would miss opportunities 

for effective communications by simply adopting business practices.  The field of risk 

communication can learn from other disciplines but must establish it’s own protocol and 

theories for developing effective interactive electronic media.

 The efficacy of the described techniques and validity of the proposed hypotheses 

in this paper cannot be tested without well-designed human participation studies 

that identify human, technology, and human technology interaction characteristics 

responsible for the influence of interactive electronic media on personal risk perception.   
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At the time of this writing, limited project resources, specifically remaining time and 

personnel, exclude the possibility of designing, acquiring approval for, and performing 

a valid study with human participants.  Future software development processes for 

risk assessment software would ideally incorporate human participants not only at the 

distribution stage of software development, but rather throughout the entire software 

development process, as described in more detail in supplemental methods S-4.1.

 Finally, collaboration among various scientific disciplines (computer 

programmers, toxicologists, risk assessors, public health professionals, and risk 

perception psychologists) is necessary before the potential of interactive electronic 

media and its ability to protect human health can be fully realized.  

4.5 Conclusions

 Interactive electronic media has been widely adopted among the general public. 

These media include technologies that can personalize displayed information, such as 

maps centered on current location or notifications set to user specified conditions.  To 

effectively communicate with diverse target populations, risk communication efforts 

can embrace interactive electronic technologies.  These technologies need to consider 

the potential impact on target communities’ emotions and knowledge base.  These 

technologies can be developed in collaboration with business communities, but should 

also take into account the context of risk assessment.
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Chapter 5: General discussion

 Technological advancements in the 21st century have greatly influenced 

the composition of measurements used in atmospheric and toxicological research.  

Chemical, spatial, and temporal resolutions have become further refined, and 

toxicological studies frequently measure a wide variety of acute molecular responses 

in vitro in contrast to measuring endpoints of concern in vivo.  Tox21, as defined in this 

paper, is a popular vision held by many regulatory, health, and academic agencies to 

update risk assessment practices by combining high throughput in vivo technologies with 

in silico modeling and high resolution environmental sampling for complex MOA-based 

risk assessments.  In this paper we developed several computer technologies for the 

purposes of evaluating and advancing the Tox21 vision towards realized risk assessment 

applications.  

5.1 Complex co-exposures and high throughput datasets

 One of the greatest difficulties in risk assessment practices is risk prediction 

of complex co-exposures containing chemicals with non-additive effects.  To our 

knowledge, our FNN is the first published model to successfully predict quantitative 

non-additive responses in a biological pathway of interest (the Cyp1b1 gene regulatory 

network) following co-exposure to complex PAH mixtures.  Predictions were within one 

log2 fold change unit in four out of five LOOCV studies, suggesting that quantitative 

predictions of complex co-exposures in a MOA approach is feasible (specific aim 1).  

 Successes and failures in model predictions however, point out several 

limitations of currently available high throughput datasets for computational modeling.  

First, our FNN strongly relied on the negative feedback component (AhRR) of our  

biological pathway of interest (Cyp1b1 regulatory network) to predict the outcome 

of interest at the sampled time point (Cyp1b1 expression at 12 h post-treatment).  

Many high throughput assays developed for the purposes of creating Tox21 tools and 

methodologies, however, include only primary transcription factors responsible for 
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perturbing normal or steady state conditions.  As an example, the ToxCast database 

produced by the EPA consists of 430 chemical assays for 301 high priority chemicals, 

producing a total of 116305 data points (http://actor.epa.gov/actor/faces/ToxCastDB/

DataCollectionList.jsp).  Several ToxCast assays measure AhR perturbation.  None of 

the assays, however, measure the AhR repressor.  Strong dependence on the AhRR for 

model predictions suggests that dose response databases developed for risk assessment 

purposes need to be more robust and include all possible variables that significantly 

influence activity in pathways directly involved in an exposure’s MOA (specific Aim 

4).  Just like predicting the speed of a car requires consideration of both acceleration 

and deceleration, predicting perturbations in biological systems requires accurate 

measurements of not just the activator(s) but also the inhibitor(s).

 In this dissertation we successfully scripted the FNN to sequentially process all of 

the LOOCV studies and create summary statistics (including mean predictions) without 

additional input from the operator.  The FNN demonstrates the feasibility of coupling 

automated high throughput experimental designs with in silico modeling, a necessary 

component of proposed Tox21 risk assessment approaches (specific aim 2).  To fully 

realize the Tox21 vision, in silico models such as the FNN also need to be integrated 

with atmospheric measurements to predict perturbations under present environmental 

conditions.  We did not directly integrate our FNN with environmental measurements.  

We do not anticipate any technical difficulties in doing so, but the accuracy and precision 

of such an integrated approach is entirely unknown and requires further study.

 

5.2 Integrated technologies and modularity 

 The smartphone program described in chapter 3, named ParME, demonstrates 

the feasibility of integrating multiple Tox21 technologies for an improved risk prediction 

process.  ParME integrates atmospheric pollution models and personal location services 

available on smartphones to send personalized air quality predictions to the smartphone 

user.  Although it was an unintended consequence of the software design, ParME 

has a high degree of modularity: ParME can run on the majority of iOS and Android 

http://actor.epa.gov/actor/faces/ToxCastDB/DataCollectionList.jsp
http://actor.epa.gov/actor/faces/ToxCastDB/DataCollectionList.jsp
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devices, and can extract predictions from any atmospheric pollution model with a given 

latitude/longitude coordinate pair for each prediction.  The end result is a program 

which incorporates multiple measurements (smartphone location and atmospheric 

pollution measurements) for improving predictions while simultaneously keeping the 

underlying methodologies that generate measurements independent, facilitating rapid 

methodology updates or replacements as improved methods become available: mobile 

technologies, atmospheric measurements, and atmospheric modeling components 

can all be replaced in the ParME system without completely rewriting the basic ParME 

program/structure (specific aim 2).  Although modularity was not an initial consideration 

in ParME design, in hindsight modularity is essential for any proposed Tox21 program 

which utilizes one or more of the continually evolving technologies described in section 

1.3 (specific aim 4).

5.3 Tailored communications for improved risk perception

 Risk perception, interest in the environment, and interest in personal health are 

strongly correlated with perception of control over personal exposure conditions (Flynn 

et al., 1994, Riechard and Peterson, 1998, Walker et al. 1998).  We have demonstrated 

that predictions from complex modeling processes can be delivered to smartphone users 

in a personalized format and updated in real time as new model predictions become 

available (specific aim 3).  Analysis of developed smartphone software using economic 

behavior theory, affect heuristic theory, and interactive electronic media theory strongly 

support the incorporation of personalized features, including customized warning levels, 

for optimal impact on influencing risk perception among users.  Providing tailored 

features based on data collected from smartphone users (location, personalized warning 

levels, etc.) allows for integrating widespread customization options in an automated 

network structure, such as the type of network structure needed for a large scale 

Tox21 risk assessment system (specific aims 2 and 3).  Although we have demonstrated 

customization capability and supported the use of customization options with risk 

perception models, correlation studies with human participants are required before 
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the potential impact of a customized software program such as ParME can be formally, 

objectively tested.

 In this paper we demonstrated the ability to incorporate personal information 

for improving Tox21 exposure assessments.  Tox21 dose-response technologies likewise 

have potential to integrate personal information into a Tox21 risk assessment process.  

Personal genomic testing for genetic variants that increase cancer susceptibility is now 

considered, as described by Robson and associates, “an acceptable part of oncologic 

care” (Robson et al., 2010, Riley et al., 2012) .  High throughput biological datasets 

and in silico models for Tox21 risk assessment must also incorporate genetic variants 

into model systems to identify and predict the effect size of variants with enhanced 

or reduced risk (Specific aim 4).  Pairing high risk genetic variants with personal -omic 

sequencing can reduce inter-individual uncertainty in Tox21 dose-response assessments, 

just as pairing predicted air quality with personal location reduced inter-individual 

uncertainty in ParME air quality predictions as described in chapter 3.

 5.4 Developing a comprehensive view of a Tox21 risk assessment process

 Tox 21 proposals often describe rigid frameworks, in which multiple technologies 

are tightly integrated for producing risk predictions relevant to personal exposures 

and personal health (Figure 5-1A).  Dissertation results suggest that these proposed 

frameworks are flawed and incompatible with several characteristics of the underlying 

technologies.  Development and progression of the described dissertation projects have 

altered how our perception of a feasible Tox21 program (Figure 5-1B, specific aim 4).  

Differences between pre- and post-dissertation perceptions of a feasible Tox21 program 

include:

Adoption of a modular structure

  

 If a Tox21 risk assessment program requires a well-defined rigid structure 

with interdependent methodologies, then the rapid pace of modern technology 
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Figure 5-1 Pre- and post-dissertation perceptions of a feasible Tox21 risk assessment processes (video).

(A) Proposed Tox21 risk assessment programs are often comprised of well-defined, interconnected technologies in which 

methodologies, risk predictions, and uncertainties are all inter-dependent. (B) Dissertation results support a modular Tox21 risk 

assessment approach, in which risk predictions and uncertainties are still inter-dependent, but methodologies are independent 

and can be updated and/or replaced as the underlying science progresses.
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advancement will ensure that such a structure is obsolete before it can be evaluated by 

and gain approval from the risk assessment community.  Although risk predictions and 

corresponding errors of Tox21 components (e.g. dose-response assessment) can (and 

should) be interdependent, the underlying methodologies (e.g. methods for generating 

in vitro datasets, running computational models, etc.), must remain independent, 

or modular.  Adopting such a modular structure will allow regulatory agencies and 

toxicologists to update individual components of a Tox21 program as new technologies 

with more refined resolutions become available.

Expanding module dimensionalities and calculating multi-dimensional uncertainty

  

 Reductionist experimental design isolates a single predictor variable to 

manipulate so that cause and effect can be inferred between the predictor variable 

and the response of interest (internal validity).  Integrative approaches to science must 

unfortunately sacrifice inferential power to improve the relevance of predictions towards 

less constrained, realistic conditions (external validity).  Risk assessments have always 

been integrative in nature, in which data from tightly controlled experimental conditions 

are extrapolated to predict responses in more complex real world scenarios.   Advances 

in experimental methodologies over the past decade has led to marked improvements in 

our ability to control and measure chemical, spatial, and temporal resolutions of dose-

response and exposure assessment datasets.  Datasets are therefore now much more 

varied in composition than ever before.  As a strength, this allows for greater coverage 

of conditions relevant to human risk assessment.  As a weakness, variation in datasets 

decreases reproducibility and comparison between datasets (Li et al., 2011).  To allow 

for integration of multiple datasets with various resolutions, a Tox21 program needs 

to establish principal components (dimensionalities)  that can be used to define the 

information present within a given dataset (specific aim 4).  As mentioned above, spatial, 

temporal, and chemical resolutions are three possible dimensions for defining datasets.  

Risk assessment experts might yield alternative dimensions more favorable to the risk 

assessment process.
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 Regardless of the chosen dimensions, uncertainty factors will need to be 

established for each component in a manner that allows for multiplicative interactions 

between each dimension’s uncertainty, similar to current risk assessments’ use of 

multiplicative interspecies and inter-individual uncertainty factors as described in 

section 1.2.  Multi-dimensional geometries provide examples of formulas that account 

for interactions between dimensions.  The surface area of an ellipsoid in a Cartesian 

coordinate system, for example, is shown in equation 5-1. 

Surface Area = 4π [(ab)1.6 + (ac)1.6 + (bc)1.6

3 ]-1.6

Eq. 5-1

 Where variables a, b, and c are each a separate dimension.  These formulas can 

provide a starting point for defining a flexible, multi-dimensional Tox21 UF process.

Transparency and communication with the general public

 We demonstrated in chapters 3 and 4 the ability to communicate model 

predictions to the general public in a timely, personalized manner.  Transparency of 

the entire risk assessment process, however, is essential for trust from the general 

public in the risk assessment process and corresponding results (NRC, 1983, 2007).  

Proposed Tox21 programs have often recognized the need for transparency, but 

neglect to mention how a complex Tox21 risk assessment process and corresponding 

uncertainties can be communicated to lay people in a clear, effective manner.  For 

risk communication we again propose utilizing well known geometric shapes and 

formulas for risk communication.  For example, when expertly described, uncertainties 

using the equation of a surface area of an ellipsoid should be easy to follow for the 

majority of individuals who have completed high school geometry.  For members of the 

general public with lesser education, uncertainty can be visually communicated as the 

percentage of geometric surface area that remains uncolored (allowing for an intuitive, 

non mathematical comparison to the amount of sphere that is colored.  More color = 
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less uncertainty).  

Dynamic Tox21 risk assessments

 Chapters 3 and 4 demonstrate the ability to dynamically update air quality 

predictions as new measurements become available.  Technological advances in 

personal health monitoring, including heart rate monitors embedded into watches 

(Lagos, et al., 2011), smartphones that can measure blood glucose concentrations 

(Boulos et al., 2011), and GPS-embedded asthma inhalers (Smanis et al., 2013), support 

the development of dynamic dose-response processes as well.   A modern Tox21 

approach needs to incorporate many different sources of data to generate personalized 

risk predictions, and filter out data irrelevant to an individual’s exposure or susceptibility 

(specific aim 4).  

5.5 Additional areas of concern

 Throughout this dissertation we have established several proof of principal 

concepts essential to a Tox21 risk assessment approach.  Many questions regarding the 

feasibility of a Tox21 system, however, were unaddressed.  Uncertainties in extrapolating 

in vitro data to predict in vivo human responses during conditions of complex exposures, 

exposures with multiple MOAs, and differences between acute and chronic MOAs in 

particular still warrant a significant amount of research before reasonable UFs can be 

formulated.    

 

5.6 Are we there yet?

 In the beginning of this dissertation we used the metaphor or a rafting 

expedition guided by a treasure map to describe the pursuit of a Tox21 risk assessment 

program.  The X in the metaphorical treasure map described the actual realization of 

a Tox21 risk assessment program.  The research described in this paper demonstrated 
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several proof of principles essential to the underlying structure of a successful Tox21 

program, including predicting responses of complex mixtures in a biological pathway of 

interest, integrating multiple modern technologies together to improve risk assessment 

predictions, and providing customized risk communications in a timely manner.  Since 

beginning this dissertation research, several advances have been made in the fields of 

environmental sampling (Snyder et al., 2013), environmental modeling (Chundnovsky 

et al., 2013), biomonitoring (O’Connell et al., 2014), mobile technologies (Morris and 

Aguilera, 2012), high throughput sequencing (Soon et al., 2013), and in silico modeling 

of sensitive populations (Gaohua et al., 2012).  Despite these significant advances, 

however, we are still a long ways off from the idealized vision of a Tox21 risk assessment 

program.  The uncertainty associated with new technology predictions, specifically the 

unknown component of uncertainty (what we don’t know about what we don’t know) is 

still too great to withstand scrutiny under the precautionary principle.  

 Proposed Tox21 practices are entirely reliant on in vitro datasets.  We strongly 

suggest, however, that reliance of human health solely on in vitro and in silico methods, 

relatively new to the field of toxicology, is at this time premature.  Discrepancies 

between current and upcoming Tox21 risk assessments may be a future focal point for 

identifying strengths and weaknesses of an in vitro only risk assessment approach.  In 

2007 the NRC described an intermediary stage of Tox21 progression which we believe 

would work well as an ideal compromise, one which gradually increases reliance on in 

vitro data but does not phase out animal studies until in vitro experiments have been 

optimized and established as accurate methods for generating dose-response data 

representative of adverse human responses (NRC, 2007).  

 We believe that, as we cannot feasibly measure every endogenous and 

exogenous chemical that may affect an individuals’ life throughout their lifetime (and 

would morally abstain from doing so even if feasibility was no longer constrained),  

risk assessments will always have some degree of uncertainty, and as such we believe 

the vision and spirit of the Tox21 program will never be completely reached.  We will 

always be searching for that proverbial treasure of the toxicological community, the 

perfect system for accurately assessing and reducing human risk, the conclusion to 
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our adventure, the X on our adventure map.  The toxicology community doesn’t have 

to wait for a perfect system, however, to incorporate Tox21 technologies into the risk 

assessment process, we just need to establish methodologies that take advantage 

of modern Tox21 technologies without eliminating the strengths of risk assessment 

methodologies currently in place.  Compromises such as a tiered in vivo/in vitro testing 

protocol proposed by the NRC are excellent intermediary procedures  we can and should 

consider prior to development of a risk assessment process completely reliant on Tox21 

technologies.   

 Even without a fully realized Tox21 program, developing intermediary Tox21 risk 

assessments will demonstrate to risk assessment communities, Tox21 supporters, and 

Tox21 critics that progress is being made in updating and evaluating risk assessment 

practices.  We are indeed investing in and exploring modern technologies, and haven’t 

lost sight of our primary goal: to protect human health from the adverse effects of 

chemical exposures, using all technologies, both 21st century and traditional, at our 

disposal.
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Supplemental Figure S-2.1 Validation of Agilent array data using quantitative PCR (qPCR).

Data were normalized to GAPDH and fold change expressed as Log2 mean ± SE.
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Supplemental Table  S-2.1 Dosing scheme of mice treated with PAH standards and environmental PAH mixtures.

Treatmenta Sample size Components RPF
Control 5 200 μl toluene 0 μg
BaP 4 200 μl toluene 400 nmol BaP 100 μg
DBC 4 200 μl toluene 4 nmol DBC 36 μg
Mix 1 4 200 μl toluene 1 mg DPE 0.004 μg
Mix 2 4 200 μl toluene 1 mg DPE 1 mg CTE 034 μg
Mix 3 4 200 μl toluene 1 mg DPE 1 mg CTE 2 mg CSC 0.47μg

aStudy consisted of six treatment groups: 1 vehicle control, 2 PAH standards (BaP and DBC), and 3 combinations of DPE, CTE,   and 

CSC (Mix1, Mix 2, and Mix 3).  Note that Mix 2 is comprised of CTE added to Mix 1, and Mix 3 consists of CSC added to Mix 2.



111

Supplemental Table 2.2 Microarray expression levels of genes randomly selected for FNN inputs 
(mean log2 fold change ± SE).

Random Set 1 Treatment

Input
Genes

 Gene Name GenBank ID BaP DBC Mix 1 Mix 2 Mix 3
Cpsf3l NM_028020 0.02  ± 0.15 -0.34  ± 0.04 -0.08 ± 0.22 -0.01  ± 0.11 -0.18  ± 0.10
2010109I03Rik NM_025929 0.87  ± 0.22 0.49  ± 1.14 -0.23  ± 0.29 0.00  ± 0.23 -1.29  ± 0.54
Lyzl4 NM_026915 1.11  ± 0.39 0.66  ± 0.94 0.43  ± 0.46 2.16  ± 0.15 1.92  ± 0.23
Ect2 NM_001177625 -0.36  ± 0.56 -0.60  ± 0.95 -0.35  ± 0.19 -1.53  ± 0.58 -1.57  ± 0.34
Agxt2l1 NM_001163587 1.99  ± 0.75 -1.23  ± 1.54 0.68  ± 0.63 5.32  ± 0.57 4.61  ± 0.93
Il1f10 NM_153077 0.71  ± 0.33 0.12  ± 0.73 -0.41  ± 0.27 -0.57  ± 0.64 -1.19  ± 0.27
Rad51ap1 NM_009013 -0.03  ± 0.24 -0.52  ± 0.57 0.35  ± 0.14 -0.67  ± 0.38 -0.96  ± 0.13
Taf9 NM_001015889 -0.06  ± 0.24 -0.41  ± 0.08 -0.03  ± 0.21 0.11  ± 0.23 0.04  ± 0.16
Rps6ka6 NM_025949 0.52  ± 0.36 0.18  ± 1.10 -0.88  ± 0.26 -0.56  ± 0.23 -1.39  ± 0.34
Higd1b NM_080846 0.23  ± 0.22 0.18  ± 0.27 0.22  ± 0.22 0.74  ± 0.19 0.67  ± 0.10
Itga7 NM_008398 -0.37  ± 0.33 -0.36  ± 0.34 0.95  ± 0.28 0.51  ± 0.10 0.84  ± 0.21
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Supplemental Table 2.2 Microarray expression levels of genes randomly selected for FNN inputs  (mean log2 fold change ± SE) 
(Continued).

Random Set 2 Treatment

Input
Genes

 Gene Name GenBank ID BaP DBC Mix 1 Mix 2 Mix 3
Ostc NM_025509 -0.37 ± 0.25 -0.48 ± 0.18 0.11 ± 0.07 -0.14  ±  0.07 -0.25  ±  0.04
Paqr5 NM_028748 0.75 ± 0.56 0.48 ± 0.95 -0.50 ± 0.31 1.07  ±  0.80 -1.43  ±  0.27
Golga7b NM_001141983 0.14 ± 0.65 -0.48 ± 0.76 -0.21 ± 0.16 -1.12  ±  0.62 -0.63  ±  0.09
Hspa14 NM_015765 -0.10 ± 0.10 -0.47 ± 0.09 -0.09 ± 0.10 0.09  ±  0.10 -0.16  ±  0.19
Gstp1 NM_013541 0.30 ± 0.24 0.16 ± 0.25 0.29 ± 0.49 0.90  ±  0.08 1.01  ±  0.18
Clca2 NM_030601 -0.45 ± 0.76 0.52 ± 1.92 -1.25 ± 0.38 -1.81  ±  0.73 -2.45  ±  0.39
Slc9a3r1 NM_012030 -0.25 ± 0.20 -0.12 ± 0.27 0.00 ± 0.28 -0.32  ±  0.14 -0.52  ±  0.05
Fbxl20 NM_028149 -0.30 ± 0.49 0.69 ± 0.33 -0.19 ± 0.15 0.39  ±  0.19 0.75  ±  0.18
Farsb NM_011811 -0.16 ± 0.46 -0.89 ± 0.21 -0.13 ± 0.26 0.21  ± 0.30 0.24  ±  0.11
Hist1h2ak NM_178183 -0.25 ± 0.37 0.08 ± 0.76 -0.43 ± 0.09 -0.99  ±  0.33 -1.43  ±  0.22
Hmgb1 NM_010439 0.28 ± 0.21 0.42 ± 0.17 -0.50 ± 0.11 -0.58  ±  0.14 -0.30  ±  0.11
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Supplemental Table 2.2 Microarray expression levels of genes randomly selected for FNN inputs  (mean log2 fold change ± SE) 
(Continued).

Random Set 3 Treatment

Input
Genes

 Gene Name GenBank ID BaP DBC Mix 1 Mix 2 Mix 3
Gm3148 XR_031404 0.14 ± 0.11 -0.01 ± 0.19 -0.52 ± 0.13 -0.65 ± 0.23 -0.30 ± 0.14
Ier3ip1 NM_025409 -0.14 ± 0.19 -0.37 ± 0.05 0.09 ± 0.15 -0.14 ± 0.09 -0.12 ± 0.03
Hcn2 NM_008226 -0.19 ± 0.09 0.46 ± 0.45 0.41 ± 0.11 0.36 ± 0.38 0.61 ± 0.11
Slc19a1 NM_001199271 -0.24 ± 0.42 -0.93 ± 0.23 0.01 ± 0.25 0.32 ± 0.14 0.26 ± 0.30
Ubap1 NM_023305 0.05 ± 0.10 -0.25 ± 0.29 0.21 ± 0.18 0.41 ± 0.04 0.16 ± 0.17
1100001G20Rik NM_183249 0.59 ± 0.61 1.31 ± 0.57 -0.77 ± 0.60 -0.56 ± 0.52 -1.12 ± 0.26
Acap2 NM_030138 0.33 ± 0.14 0.17 ± 0.18 -0.25 ± 0.20 -0.20 ± 0.14 -0.34 ± 0.10
Msh6 NM_010830 0.33 ± 0.08 -0.07 ± 0.15 -0.11 ± 0.19 -0.13 ± 0.04 -0.07 ± 0.13
4930417O13Rik NR_015527 -0.50 ± 0.62 -0.70 ± 0.96 -0.62 ± 0.11 -1.51 ± 0.73 -1.55 ± 0.49
Gm9774 XM_001472762 0.13 ± 0.07 -0.30 ± 0.05 0.06 ± 0.13 0.18 ± 0.11 0.12 ± 0.25
Incenp NM_016692 0.08 ± 0.28 0.25 ± 0.23 -0.14 ± 0.30 -0.58 ± 0.16 -0.65 ± 0.28
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Supplemental Table S-3.1 External libraries utilized by the ParME software program.

Java

AChartEngine v.1.0.0 - http://www.achartengine.org/content/download.html

Objective-C

Core-Plot v.1.2 - http://code.google.com/p/core-plot/

Python
PyBluez v.0.18 - http://code.google.com/p/pybluez/

SQAlchemy v.0.8.0  - http://www.sqlalchemy.org

R
Akima v.0.5-10 - http://cran.r-project.org/web/packages/akima/index.html
CairoDevice v.2.19 - http://cran.r-project.org/web/packages/cairoDevice/index.html
Ggmap v.2.3 - http://cran.r-project.org/web/packages/ggmap/index.html
GISTools v.0.7-1 - http://cran.r-project.org/web/packages/GISTools/index.html
GrImport v.0.8-4 - http://cran.r-project.org/web/packages/grImport/index.html
GWidgetsRGtk2 v.0.0-81 – http://cran.r-project.org/web/packages/gWidgetsRGtk2/
index.html
Mapproj v.1.2-1 - http://cran.r-project.org/web/packages/mapproj/
Maptools v.0.8-23 - http://cran.r-project.org/web/packages/maptools/index.html
Osmar v.1.1-5 - http://cran.r-project.org/web/packages/osmar/index.html
Png v.0.1-4 - http://cran.r-project.org/web/packages/png/index.html
Raster v.2.1-25 - http://cran.r-project.org/web/packages/raster/index.html
Rgdal v.0.8-6 - http://cran.r-project.org/web/packages/rgdal/index.html
Rgl v.0.93.932 - http://cran.r-project.org/web/packages/rgl/index.html
RGtk2 v.2.20.25 - http://cran.r-project.org/web/packages/RGtk2/index.html

JavaScript
Leaflet v.0.5 - http://leaflet.js.com/index.html
Flot v.0.8.1 – http://www.flotcharts.org

jQuery – http://www.query.com

http://people.oregonstate.edu/~larkinan/smartphone/website_example.html 
http://code.google.com/p/core-plot/
http://code.google.com/p/pybluez/ 
http://www.sqlalchemy.org 
http://cran.r-project.org/web/packages/akima/index.html 
http://cran.r-project.org/web/packages/cairoDevice/index.html 
http://cran.r-project.org/web/packages/ggmap/index.html 
http://cran.r-project.org/web/packages/GISTools/index.html 
http://cran.r-project.org/web/packages/grImport/index.html 
http://cran.r-project.org/web/packages/gWidgetsRGtk2/index.html 
http://cran.r-project.org/web/packages/gWidgetsRGtk2/index.html 
http://cran.r-project.org/web/packages/mapproj/ 
http://cran.r-project.org/web/packages/maptools/index.html 
http://cran.r-project.org/web/packages/osmar/index.html 
http://cran.r-project.org/web/packages/png/index.html 
http://cran.r-project.org/web/packages/raster/index.html 
http://cran.r-project.org/web/packages/rgdal/index.html 
 http://cran.r-project.org/web/packages/rgl/index.html 
http://cran.r-project.org/web/packages/RGtk2/index.html 
http://leaflet.js.com/index.html 
http://www.flotcharts.org 
http://www.query.com 
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Supplemental Figure S-3.1  Detailed flowchart of the smartphone software 
pseudocode.

(A) Three-dimensional graphs.  (B) Data transfer to and from Dropbox.  (C) Anonymous 
database query.  (D) Predicted level and warning response. (E) Bluetooth data transfer 
from smartphone to PC.  (F) Setup and modification of user id and warning levels. (G) 
Smartphone display of predicted pollutant concentrations. 
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Supplemental Figure S-4.1  Webmap visualization.

Changes in pollution concentrations in webmaps are enhanced by adding (A) color relief, (B) hillshade, and (C) slope ramp to (D) 

a base level OpenStreetMap, creating (E) the final hourly predicted pollution map.  See https://www.mapbox.com/tilemill/docs/

guides/terrain-data/ for a tutorial regarding this process.

https://www.mapbox.com/tilemill/docs/guides/terrain-data/
https://www.mapbox.com/tilemill/docs/guides/terrain-data/
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Supplemental Methods S-4.1 Proposed software development process for a 
deliverable ParME program.

 A software program (ParME, described in chapter 3) was initially created 

to establish the proof of principle that smartphones can link a user’s location with 

environmental pollution forecasts to deliver customized air quality predictions.  

Initial ParME software development was informal, in which the customer, user, and 

developer consisted of the same individual. Unanticipated interest in ParME by the 

life sciences community, however, soon led to additional informal ParME development 

cycles, resulting in software that provides several novel, valuable use-case functions.  

Unfortunately, informal development also produced a poorly defined software 

architecture and sparse documentation, making it difficult to deliver ParME to a large 

user group and/or maintain ParME as the underlying methods deprecate.  Lack of input 

from the expanded list of users (health regulatory agencies and the general public) in 

the ParME design process also brings to question whether the current graphical user 

interface and use-case functions are optimal.

 We propose a software development process for a new smartphone-oriented 

software program, using knowledge gained from the informal ParME development cycles 

to facilitate (but not drive) the first cycle of software development.  Creating a new 

program rather than restructuring the existing ParME program will provide a more stable 

baseline architecture and more transparent development process, both of which will in 

the long run will provide a better product and reduce resources needed to improve and 

maintain the developed software.  Starting a new development process will also provide 

the customer (funding agency) and users with the opportunity to participate in the 

software development process, resulting in a product that’s more likely to meet actual 

use-case needs rather than use-case needs perceived by the architect and developers.

 Proposed software development will occur in a small number of cycles (1-3), 

with each cycle comprised of four phases: inception, elaboration, construction, and 

transition.  Overview of each phase in the first cycle is described below and shown in 

Supplemental Figure S-4.2.
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Inception

 Software development process will begin by identifying customer and user 

needs.  The customer in this case is the funding agency, most likely the EPA and/or NIH. 

Customer needs will be identified through conversation and written correspondence, 

followed by a written summary agreed upon by the customers as an accurate 

representation of their needs. Potential customers have already identified two needs 

as high priority in a smartphone program: 1) the ability to convey predicted air quality 

to users of the smartphone app, and 2) the ability to anonymously collect predicted 

air quality, location sampling time, and approximate location (reduced in resolution to 

protect user identity) for all participants who give informed consent.

 Needs of the smartphone app users will be identified through surveys.  Due 

to financial constraints the survey will most likely be distributed across Oregon State 

University rather than through random sampling among the general population.  Survey 

questions will be designed to ask users about their interest in air pollution in general, 

their likelihood to use air pollution data, their interest in various possible uses of the 

smartphone program, such as setting warning levels or sharing predicted air quality, and 

their current smartphone platform and operating system.  

 Once user needs are determined, customer and user needs will be prioritized, 

and requirements for high priority needs will be identified.  Potential requirements that 

need to be considered include which platforms and operating systems to support, as well 

as which smartphone sensors are required.  Potential general architecture structures 

will then be evaluated for compatibility with user needs and software requirements.  As 

an example, the prototype ParME program had a general architecture that consisted 

of four subsystems, with a transaction manager subsystem acting as a center or hub 

for communications between smartphone, environmental modeling, and database 

subsystems.

 The inception phase will conclude with estimating the resources required 

to develop the proposed software program. Estimated time, personnel, computer 

hardware, and finances need to be agreed upon by both the customer and developers.  
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General architecture structure and primary use-cases also need to be agreed upon 

before proceeding to the elaboration phase of cycle 1.

Elaboration

 The elaboration phase of cycle 1 will begin with developing a use-case model for 

all use-cases planned for cycle 1.  Most critical use-cases will be realized and together 

with the architecture will be considered the baseline or foundation of the software 

program.  An analysis model will then be created based on the use-case model. 

 During the elaboration phase, the smartphone user interface will be designed.  

Various possible interface designs will be evaluated by presenting paper mock ups of 

proposed interfaces to public participants, and evaluating participant interactions both 

in the form of a survey at the end of the evaluation as well as observation of participant 

behaviors and reactions during the paper mock up sessions.  Participant results will 

influence design model development, with minor modifications made to use-case and 

analysis models if necessary.

 The elaboration phase will be considered complete when the underlying 

architecture (visualized through the models described above) appears stable and the risk 

of not meeting high priority needs has been minimized. If projected required resources, 

use-cases or general architecture differs from those shared with customers at the end 

of the inception phase, then they must be shared and agreed upon with the customers 

before proceeding with the construction phase of development.  

Construction

 

 The majority of the software program will be built during the construction phase.  

Time and resources required for construction will in part be dependent on the similarity 

in use-cases between the software program in development and the ParME prototype 

described in chapter 3.   Construction process will be considered complete once the 

program is in a state that’s stable, mostly free of defects, and meets the agreed upon 
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use-cases.

Transition 

 The final phase of cycle 1 is the transition phase, where the smartphone program 

will be released sequentially in at least two iterations to two sets of test groups.  The 

first test group will consist of beta testers who will evaluate the smartphone program, 

test various combinations of user interactions with the program, and report observed 

defects.  If major defects are observed, a short secondary cycle may be necessary before 

releasing the product to the second test group.  The second test group will participate 

in an observational study, in which the smartphone program will be evaluated in 

terms of its ability to accurately communicate air quality information pertinent to risk 

assessment/risk communication.  The study will also evaluate the utility of the program 

with respect to it’s likelihood to be adopted by the target community and it’s impacts 

on risk perception, knowledge about air quality conditions, and behavior in the target 

community.  

 Cycle 1 will be considered complete at the end of the observational study 

described above.  At this point, results of the observational study can be used by the 

customer to decide if further project development via a second cycle is warranted.  

Cycle 2

 

 Possible pursuits in the second cycle include reduction of requirements to allow 

the software to work on a wider range of software and hardware, addressing limitations 

identified in the 2nd user test group mentioned above, expansion of both client and 

server side security to reduce the probability of illicit data access, and expansion of 

server bandwidth and performance to meet anticipated loads in a subsequent release to 

a larger targeted audience.
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Inception Transition
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Idenfity user needs
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Supplemental Figure S-4.2  Overview of the cycle 1 development process.  

The cycle consists of 4 sequential phases, starting with inception, followed by elaboration, construction, and concluding with 

transition.


