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ABSTRACT

As computer technology has advanced in the last ten years, lihetalacquire copious
amounts of physiological data has become much easier. Ourttayoragularly uses
radiotelemetry methodology in rodents to acquire nonstop heart rate ghtR core
temperature (&) data while animals are exposed to exogenous substances, incliuding a
pollutants such as ozone and particulate matter. Bradycardiaypathérmia are often
observed during and following exposure, although it is difficult to pingbmtresponse
start time and duration using traditional statistical methods. h@te developed an
approach for analyzing continuously-derived physiological data usingtibnal data
analysis (FDA) and subsequent computational techniques (principaboemtpanalysis
and the Direction-Projection-Permutation hypothesis test) whichifpgrencomparison
of data curves. This approach was employed on HR data colleeteck kand after
Spontaneously Hypertensive rats (n=35; 8-9/group) were intratrachestllled with a
bolus dose of saline (control) or residual oil fly ash partidde®3( 3.33, or 8.33 mg/kg).
The statistical analysis demonstrated that effects betweerontrol and high dose group
persisted for at least 48 hr. The applicability of FDA to data sets hagngater number
of repeated measurements than the sample size was establighedrwodent HR data

and will clearly be useful for statistical analysis of similar data set
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INTRODUCTION

For over 20 years, our laboratory has been conducting physiologg=sdrch to
characterize the toxicity of environmental pollutants in animaidd, rmost recently our
focus has been on ozone and particulate matter (PM) (6, 21, 23, 24). Tlaeyprim
methodology we employ to obtain data regarding the toxic nature & gudlsitants is
radiotelemetry, a technique that monitors multiple physiologatameters from
untethered, unanesthetized rodents. Typically, data collected indledesrate (HR),
blood pressure (BP), core body temperaturg) (Bnd a number of parameters derived
from these measures. Incorporation of radiotelemetry into togimalbstudies enables
continuous acquisition of the aforementioned parameters throughout an satye
Thus, the compiled data for one parameter for a single animalaoten day protocol
with a five minute sampling frequency, 24 hr/day, would result in >2800 total data points.
When added across multiple rodents in a single study, it is easget that copious
amounts of data accumulate. These data are routinely combinednogentiervals and
dose groups and analyzed using standard statistical tests; howewarethging process
likely masks key responses. Despite a considerable effort invadewegral statisticians,
a suitable method for analyzing our radiotelemetry-derived fumakidata for sensitive
time-based effects has been elusive.

As most toxicological studies utilize rodents, circadian rhythmst be
considered because it is an important background component underlyinglquigai
and behavioral processes. Often, discerning adverse effectsalfioc agents requires
analysis not only during exposure, but also during the nocturnal recoeeiyd.p

Additionally, the “hypothermic response” to xenobiotic stress, which has beetecepor



rats and mice (22), is commonly accompanied by immediate and delaygddodaa that
can persist for multiple days (7, 8, 24). Interestingly, the lwadyac response appears
to be exacerbated at night, when rodents are most active and HR gsettest (24).
Although some researchers choose to statistically discerntyoaica few selected time
intervals, our laboratory has been most interested in developing @ \aagess the entire
data continuum (pre- to post-exposure), which is not easily amemabiaditional
methods. Until recently, there have been no means for assessaajed measure, time-
series data to determine:

1) when the toxic effect begins;

2) the duration of the response; and

3) whether significant differences exist between exposure groups.

A limited number of statistical approaches have been publishedottibte
alternative methods for ascertaining the significant changeadiotelemetry-obtained
HR or T, data in rodents exposed to air pollutants (15, 23). Several yearthagcute
effects of ozone onc§ were assessed used deterministic models in which a cosine model
function was fit to the normal circadian rhythm, and one-compartarehtdamped-sine
model functions were applied to describe the abrupt decreasg indiliced by ozone
(23). Although the model functions matched the observational data well in $bisticay
were not easily transferable tQ, Values obtained in other studies from our laboratory.

Recently, another approach has been described (15) called thmgHiscense”
method (FLM). This approach evaluates all possible time interi@al significant

differences between exposure groups using a test statistic anttdup®d estimation of



the critical value for this statistic. Specifically, timethod subtracts circadian and time-
based background changes while seeking maximal group-to-group differences.

We have taken an alternate statistical approach for evaluaimguous, curve-
oriented data. The analysis of High Dimension Low Sample Sitd $3) data is
emerging in scientific fields where the dimensidh ¢f data vectors is much larger than
the sample sizen], as encountered with other large database generating bioltgidal
such as genomics, chemometrics, and medical image analysis (I48. HDLSS
methodology is considered a subset of multivariate analysis and iadluugional data
analysis (FDA) for visualizing the raw data and then applyeahriiques (principal
component analysis [PCA] and Direction-Projection-Permutation hgpistitest [DPP])
for managing and analyzing the transformed data (20). With kialvidual curves are
considered a data “point” in a space containing hundreds of dimen<ime the data
from all curves are plotted as points (i.e., point cloud), they canrbpared using PCA,
which finds orthogonal vectors that account for as much of the datmearas possible
(19). Ultimately a dimension-reduction effect can be achievedewhthining most of
the data variation. The DPP has three steps: 1) finddigeetion vector in the HDLSS
space that separates the two populations; pi@jection of the data onto the 1-
dimensional direction identified in the first step, so a pair-wgatistic can be obtained;
and (3) conducting permutationhypothesis tedib assess significance of thetatistic.
Distance weighted discrimination (DWD) can be used to determine the direatton ve
DPP and has been used for related purposes in genetic microaady,dg?), but to our
knowledge, has not yet been used in the toxicological field fomewag dynamic

physiological effects that change with time.



This approach was employed for analyzing HR data from a studyhich
Spontaneously Hypertensive (SH) rats were exposed via intre#daaitillation (IT) to a
residual oil fly ash (ROFA) (24); effect durations ranging friimmee hours to three days
were tested for statistical significance. The resultainbt using FDA confirmed that
the substantial decreases in HR that were observed in the grqgseeé to the highest
dose of PM were statistically different from the control amémaThus, the FDA
approach is clearly applicable to acute time-series HR dasnebtin rodents, but may
also be useful for analyzing other toxicological and physiologia&tomes that can be

defined as continuous.

MATERIALS AND METHODS
Study Design for Data Acquisition.The details of the study from which the data for
analysis was acquired is detailed elsewhere (24). Seventgdiyeold, male SH rats
were surgically implanted with radiotelemeters, housed singly, maintained in a
climate- and light-controlled environmental chamber where tHaearhtemperature and
relative humidity were maintained at 2B and 50+5%, respectively. A 12-hr
light:12-hr dark cycle was employed from 0600-1800:1800-0600 daily. Aninsaks w
studied at >100 days of age and weighed 280-367 g. Rats had accessatoriabeed
(Purina Rat Chow) and wated libitum except when they were in the whole-body
plethysmograph (WBP) chambers (0900-1500 daily) for pulmonary function monitoring.
All experimental treatments were conducted in replicates daiBals/replicate x
6 replicates) resulting in a total of 35 rats used in the HR/sisal Within each replicate,

each rat received a single dose of residual oil fly ash (R@E#pended in saline (0.00,



0.83, 3.33, or 8.33 mg/kg; IT), designated control, low, mid, and high dose, reslyect
(Table 1). After being weighed, rats were administered R@F#pproximately 0850 on
Day 0, under light halothane anesthesia (9) and then were immgdettained to their
cages until they regained consciousness (<2 min). After rengeom the anesthesia,
animals were placed in individual WBP chambers for the subsequehowis. At the
conclusion of the six hour protocol, animals were removed from the dWiBRbers and
returned to their home cages until the following morning, at which thmy were again
placed in the WBP chambers; these procedures were repeated owekxitlieree days
(Days 1-3).

Radiotelemetry Data Acquisition. Radiotelemetry methodology (Data Sciences
International, Inc.; St. Paul, MN) was employed to track changeandiovascular and
thermoregulatory function by monitoring electrocardiogram (EG43, BP, and ..
Telemetry data parameters were acquired at five-minutervads from telemeter
implantation to the end of the study. Heart rate was derived daimnobtained via the
BP catheter of the radiotransmitter; however, when the B t@s not available, HR
was determined from the ECG waveform.

Raw HR data for each rat were averaged over 30-minute tireevaid; any
missing data were substituted with HR values obtained using imegpolation. There
were 12 rats (3 control, 3 low dose, 3 mid dose, and 3 high dose) that Isathyrdista
for approximately 24 hr from Control Days -2.5 to -1.5; these data Vuaearly
interpolated for individual rats and therefore, did not reflect H&ges that would have
occurred from light-cycle changes. Data were analyzed ie pieriods of three, six, or

twelve hours; or one, two, three, or eight days (Table 2).



FDA. FDA was utilized to address questions as to the patterns and differences laenong t
collection of curves. For this particular data set, there 8&recurves (each curve
represented one rat), and each consisted of 375 values (individual #R dhats, each
curve was considered a data “point” in 375-dimensional Euclidean space (20jo thee
nature of the HDLSS data, PCA methodology was employed to aeuak structure in
the data.

PCA. The goal of the PCA was to find (less than dimensiod) orthogonal vectors in
data space which account for the largest portion of HR variahise.PCA is conducted
using an eigenvalue decomposition of the data covariance matdgaie directions in
the observation space along which the data have the highestlitar{aB). Thus, the %
principal component vector (PC1) was defined along the direction thvitne data have
the maximum variance. Perpendicular to the PC1, Tﬁeprihcipal component vector
(PC2) was defined such that the data assumed the maximunmcearéddong that
direction. This process was iterated until a suitable numbkt efthogonal vectors in
subspace of the original data space were determined. Bytprgjéte original datadt
dimension) onto its subspackidimension), one can achieve a dimension-reduction
effect while retaining most of the information on data variance (10).

DPP. To determine the direction vector in HDLSS data space that best separataththe
relative to the subpopulations of interest, DWD was employed. To@latzon of DWD

is based on computationally intensive optimization using recently dewdeloperior-
point methods for “Second-Order Cone Programming” (1). This sepasgiord to
minimize the sum of inverse squared distances from each datat@ah@ hyperplane,

with the normal vector. Then, the data were projected onto the 1-donahdirection,



such that a pair-wisétest could be conducted to obtaint-salue. The standart
distribution is inadequate to assess statistical significarezgulse the DWD direction
vector tends to separate the subpopulations, and this effect istk@ng ;1 HDLSS
setting. Therefore, statistical significance was asdassiag a permutation methodll
data points were relabeled and a new DWD direction vector was cetnpasulting in

an additional pair-wisé-value. This process was iterated 1000 times to obtain the DPP
p-value that was representative of comparisons between ROFA gfoupmhfferent
intervals. It is worth noting that the fingldvalue in these simulations may differ slightly
if the analysis is repeated, as the re-labeling step mlé@a” and does not provide a
fixed p-value. However, the difference would be expected to be quite $ihalbt
negligible) since the process was repeated 1000 times fordhtse Statistical analysis
of the so-called “Monte Carlo variation” is available that providesxed p-value, but
was not deemed necessary for these data due to the very large numbeiarfstera
Statistical Implementation. All of the statistical analyses were implemented by using
Matlab 7 (PC package; The MathWorks; Natick, Massachusettsjether with
subroutines that were created in-house and are available on nteenet at
http://www.stat.unc.edu/faculty/marron/marron_software.html. Manyhef draphical
outputs were provided by the software as data projections onto 12-dmdensional
planes. These data representations graphically demonstratedsthieution of the
projection of 35 points onto PC1, two different projection vectors (PC2 and PC3), and the
DWD direction vector. The figures containing curves were 1-direasiprojections,
and those with perpendicular axes showed 2-dimensional projections. W2 D

direction vector was chosen to provide a notion of best separationrfoolces. high



ROFA group comparisons. In executing the DPP, we first examiveedontrol vs. high
ROFA groups; if thep-value was 8.05, further tests were conducted to compare other
dose groups. Therefore, if the control vs. high ROFA group comparisatetes ap-
value >0.05, tests were not executed for control vs. mid or low groups.

FLM Analysis. For comparative purposes, the FLM was applied to the control and high
dose ROFA groups. This method generates the largest absolweotatsistatistic for
treatment effects between two groups when every time intervileofiata collection
period is considered. The critical value is then estimated wsibgotstrapped null
distribution of the test statistic. The user inputs the effecatdur and the software
provides individual intervals where effects are significant aredaayes of the identified
intervals grouped by time period. Further details of the theoryhadelogy, and
algorithms for the FLM are provided in Nadziejko et al. (18).copy of the Microsoft
Excel-based FLM software was kindly provided by Lung Chi Chen oiv Nerk

University and Jing-Shiang Hwang of the Academia Sinica, Taiwan.

RESULTS

A clear circadian pattern was observed for all animals, vinéh greatest HR
values occurring nocturnally (1800-0600). From Figure 1, it appeatr&h immediate
dose-related decrease in HR resulted from ROFA IT, with stegdvery within 6 hr of
exposure for both the mid and high dose groups. With the initiation afattkeperiod,
HR for mid and high dose ROFA animals separated from the carblow groups.
HR remained depressed through Day 1 for the mid and high dose grdugs,tla

differential with the control group was much less; this trend corditlu®ugh the night



of Day 1. By Day 3, the ROFA response for all exposure groupseliathed to pre-IT
levels.

The FDA curves shown in Figure 2 represent the HR data @ulécim Day -4
through Day 4, with the upper left graph (Figure 2a) being the 30-veraged data for
all animals. The lines are color coordinated to represent indivadhuadals within dose
groups (control=blue; low dose ROFA=green; mid dose ROFA=yellow;agh dose
ROFA=red). The remaining graphs in the left column (Figures)2ére the data
reflected on four different projections. The mode of variation repted by PC1 is
mostly in the direction of vertical shift, at a number of spediine points (whose
interpretation is unclear). PC2 shows a mode of variation thattiefflyy captures the
variation driven by the ROFA treatment (note the color bandsarage quite
systematically on the first day after treatment). PC3 &wl&e less interpretable. Plots
in the second column contain numbers which compare the data variatiiibutable to
the principal components of variation, with PC1 accountable for 32% &Rpl, PC2
accountable for 13% (Figure 2h), PC3 accountable for 8% (Figureag PC4
accountable for 5% (Figure 2j). The solid line is the mean, with the largesdssh&ing
the effect of adding the component and short dashes showing thteoéBebtracting the
component.

A different view of the PCA comes from the projection plots shawhigure 3.
Here each of the curves in Figure 2 is represented as @, acisthg the same coloring
scheme as Figure 2. These shine sameprojections as for the previous FDA. One
dimensional projections are shown on the diagonal of Figure 3 (3a, f, Rl@k off the

diagonal are scatter plots, which sh@nojections of the data in 2 dimensions, i.e.
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projection onto the plane generated by all pair? &?C vectors. These 2-dimension
graphs are linked, i.e., those in the same column have identical horiaeesahnd those
in the same row have equal vertical axes. The plane is thetedpsuch that it can be
displayed graphically with one vector on the x- and y-axeshdrekamination of these
data, point clusters based on color (i.e., ROFA dose group) become appBmnt.
instance, in Figure 3e, the red and yellow circles are alnmbisélg located on the left
half of the plot, while the blue and green circles dominate the rig@imilar plots
comparing each PC vector and the DWD vector are shown in thelf@rcolumn of
Figure 3 (m-p). The four color clusters separate to atgrextent in these projection
plots, because DWD specifically targets this difference, vih#ePC2 direction is driven
only by the variation in the data. Despite this apparent vidifedrence between
treatments, when the pair-wiséests were conducted on the DWD vector to compare the
control and high dose ROFA groups, thealue was >0.05 (Figure 4)e. the difference
was not flagged as statistically significant. This provides &npireary negative answer
to Question 3 in the Introduction. Thus, the analysis ended at this poinbastder dose
groups were statistically tested.

This process was repeated for the eight intervals listedableT2, with the
greatest HR effects observed within the first 24 hr of exposure. The DRBRcstiatesults
for Intervals 1-8 are shown in Table 3. A clear dose-responsehgasved from 0900—
1500 on Day 0 (answering Question 1 from the Introduction), and this bHgein to
diminish during the 1500-1800 time period. Interestingly ptvalue reaches its lowest
value (0.000) when the control and high dose ROFA groups were comparedsthe fi

night following exposuresupplying another positive answer to Question 3. The
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difference in HR effects between the control and high dose RO&U#pgresolved at 48
hr post-ROFA exposure (Figure 5), which provides insight into Questiron2 the
Introduction.

To further investigate the prolonged ROFA effect during the noakyveriod,
PCA was applied to each rats’ data from first three conisecnights following ROFA
exposure. The projection plots show symbols linked by lines thatsesirthe data for
one rat (Figure 6). Any clear pattern of response is abssen the data are plotted in

this manner, as the data are clustered around the origin.

Comparison Between FDA and FLM Approaches

The FLM approach uncovered statistically significant differenoemean HR
between control and high dose ROFA groups at times between Dag 4 aVhen the
effect limit was approximately 48 hr, 288 intervals were idedtibetween Days -1 and
3, including an interval that was roughly equivalent to that observedRidth The
FLM analysis also indicated 281 intervals that spanned 24 hr (mdsh whie first two
days), and 229 intervals of 12 hr. There were 210 intervals of 6 hr, diardeng three
distinct groupings: 1) the first 6 hr immediately following REOExposure, 2) the first
night, and 3) the second night. Similar to the 6 hr FLM resultse there 187 intervals
of 3 hr that were also contained within the three distinct timéogerpreviously
described. When the effect limit is shortened to 1 hr, 86 inteweis identified. The
five time periods that these intervals were averaged awress 1, 7, 17, 36, and 45 hr

post-ROFA IT (Figure 7).
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To further compare the results of the FDA and the FLM, the Flad applied to
control and low, control and mid, and low and mid dose ROFA groups at 6 and 12 hr
For 6 hr, no effect was detected between the control and lowgyranich agreed with
the FDA results for the first 6 hr following exposure (Table Bhe low and mid dose
ROFA groups were significantly different with the FLM at &dr 97 intervals contained
within 5 and 22 hr post-IT.

There were 136 12-hr intervals during the first night followingillabn for the
low and mid dose ROFA groups that were significantly differemdluding the entire
dark cycle (1800-0600); in the FDA, tipevalue for this interval was slightly greater
than 0.05 (0.077). An equal number of statistically significant 12-hviaite(136) were
identified for the control and mid dose ROFA groups that began at>apately 9 hr
post-IT. Thep-value obtained when the FDA was applied to the dark cycle ofrite fi
night was 0.066. For the dark cycle of the second night post-ITFitwve results
demonstrated differences between the low and mid dose ROFA groupsrarad and
mid dose groups, albeit the numbers of intervals during this period was much lassl (38

33, respectively) than the previous night.

DisSCUSSION

Often in toxicological research, investigators are limited &uatistical
methodologies for data analysis, particularly in those studies gmgloontinuous data
collection. As a result, data are commonly averaged togetherabraged at specific
time points, potentially masking effects that are acute and ppssdisient. The

averaging of responses by dose group can also result in an ovevallticat does not
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resemble any of the individual subjects’ time-dependent biologftadts. Furthermore,
the HDLSS nature of the data restricts the use of classiglilvariate analysis. The
statistical approach described herein provides a method for overrtimeise constraints
by examining data curves at any selected time before, during, ornaftesuee.

The goals of FDA are similar to other statistical approachpplied to
toxicological data. However, there are some unique aspects totk&Aare worth
mentioning (19):

1. Functional data are continuously defined (albeit they are likely

observed at discrete points).

2. The individual datum is the entire function (rather than values sdlect

at certain points).

3. The original data do not need to be functions of time, although the HR

data were in this format.

4, Generally, the data will be interpolated and smoothed astastep in

the process.

The main difference between FDA and the FLM is the approath,tiae former
relying upon visualization and intuition and the latter being maditional. FDA
requires a pre-selected period for analysis of the cuwieste the FLM evaluates the
effect of treatment over subsets of time intervals containddnwdnger sample periods.
Therefore, the FLM may be appropriate for responses that ageapitically discernable
when plotted (e.g., the researcher does not know when the responseobegids) and
provides some indication of the response duration. However, the FlsMbéen

criticized for its bootstrap null distribution of the test statiand this methodology does
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not compare the data curves per se, but rather compares datawgihiimsan interval.
Both techniques avoid the pitfall of repeated measure anahaig/ields low statistical
power.

The FDA methodology has numerous advantages over the FLM. FirgiDthe
evaluates individual curves within exposure groups, rather than comghangroup
means. Second, all exposure groups can be examined simultaneouslyPiGAhi®
identify possible patterns of response. Once these clusteideatified, a hypothesis
can be tested using DPP to producp-wlue. Similarly, plotting the data as “point
clouds” enables visual recognition of outliers or irregularitiekirdl the FDA approach
allows the user to define a specific interval for datayammalat given time points (unlike
the FLM which only provides the option of interval duration across the entire data set).

Clearly, FDA and the FLM do not generate the exact same results, agrihgse
and intervals withp-values slightly above 0.05 with DPP in the FDA method are
statistically significant in the FLM. It may appear tBAWD is not necessary in the FDA
approach, but rather discriminant analysis applied to PCA factordviceukufficient.
This is not the case, as information gets “lost” during PCA dadaation when the
smaller eigenvalues are deemed negligible and the dataceetpd onto the subspace
generated by the larger eigenvalues. The discriminant anahetisod works well in
situations where the overall dimension is not too high; thereaagtiow-dimensional
structure of interest; and little noise. In these scenariosytevgiof interest appears in
the large eigenvalue subspace and the noise is mostly containée orthogonal
component which gets zeroed out. But for functional data (and in partioullDLSS

data), several of these assumptions are easily violated; tirigrdata structure can end
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up in the “noise subspace” and be excluded from the analysis. Bdd@l[3anakes no
attempt to at noise reduction, information is not lost.

Previously, we investigated numerous statistical approaches fw@ tlata, but
were not able to definitively state that there were differengeHR between exposure
groups (24). As the current results show, the effect peddisteapproximately 49 hr. It
was also difficult to discern those times when HR of the mid and high dose ROFA groups
differed significantly from each other. The FDA analysis dernated that only during
the 6 hours immediately following exposure was HR different fanals in the mid and
high dose ROFA groups; the HR effect for these groups in theanficstirnal period after
ROFA treatment had p-value of 0.066. There were not any differences between the
control and low dose ROFA groups nor the low and mid dose ROFA groupkefor t
intervals tested.

Bradycardia in response to air pollution exposure in rodent toxicalogfiadies
has been reported numerous times (6-8, 11, 13, 16, 21, 23). Both immadidayed
decreases in HR can result from PM exposure. It is poss$iatethe vagus nerve is
involved with the immediate response, as HR decreases withimghbdur of exposure
and recovers within the next few hours (4.5 hr for the current skigyre 1). Further
evidence for the role of the autonomic nervous system is demondiyatied results of a
study in which there were no differences in HR between controleapdsed isolated
Spontaneously Hypertensive rat hearts 4 hr post-IT of PM (3cerRly, research in the
PM field has begun to show that alterations in endothelium or miaohadgunction can
result following exposure to PM (2, 4, 17, 18), as a secondary dtfeptiimonary

inflammation that contributes to the delayed HR response observed.
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In the past few years, increasing criticism has been tddeat toxicological
studies over the use of non-atmospheric PM and exposure concentriasibnfiedn far
exceed ambient conditions, as the results of these studies areltdiff extrapolate to a
human exposure scenario. As these concerns are heeded\ano exposures in PM
toxicological research attempt to more closely approximate tbbspidemiological
studies, it is clear that sophisticated statistical analgses more susceptible rodent
models will be required to discern the likely resultant subflectsf. These two statistical
methods, both independently and in combination, have the potential to gneptbove
the ability to characterize the toxic effects of PM by undogesmall, subtle changes in
physiological parameters, further serving to help offset the ncahdimitations of
animal toxicological studies compared to epidemiological studies.

It is anticipated that the further refinement of these methodedagirimarily by
incorporating them into a more user-friendly format) will giseamprove the statistical
analyses of continuous HR, BP, and, Tdata from animal studies employing
radiotelemetry procedures. Clearly, the combined FDA, PCA, andapp®ach, when
applied to physiological data, provide a suitable method for statlgtianalyzing data

sets that contain much greater numbers of data points compared to the sample size.
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Table 1. Number of rats/group included in the functional data analysis prockire.

ROFA Dose Exposure Group| Number of Rats
Saline Control 8

0.83 mg/kg ROFA Low Dose 9

3.33 mg/kg ROFA Mid Dose 9

8.33 mg/kg ROFA High Dose 9

Table 2. Heart rate data intervals and durations used in the statistical analis

Interval Day Start Day Stop Time Start | Time Stop Duration
Number (Hours)

1 Day 0 Day 0 9 AM 3PM 6

2 Day 0 Day 0 3PM 6 PM 3

3 Day 0 Day 1 6 PM 6 AM 12

4 Day 0 Day 1 9 AM 9 AM 24

5 Day 0 Day 2 9 AM 9 AM 48

6 Day 0 Day 3 9 AM 9 AM 72

7 Day 1 Day 2 6 PM 6 AM 12

8 Day -4 Day 4 9 AM 9 AM 192

Table 3. Results of Direction-Projection-Permutation pair-vise t-tests for various

intervals using the Functional Data Analysis approach.




Interval Group p-value
Number Comparison

1 Control vs. High 0.002
Control vs. Mid 0.004

Control vs. Low | 0.059

Low vs. High 0.009

Low vs. Mid 0.083

Mid vs. High 0.060

2 Control vs. High 0.007
Control vs. Mid 0.187

Low vs. High 0.010

Low vs. Mid 0.436

Mid vs. High 0.561

3 Control vs. High 0.000
Control vs. Mid 0.066

Control vs. Low | 0.802

Low vs. High 0.003

Low vs. Mid 0.077

Mid vs. High 0.563
4 Control vs. High 0.004
Control vs. Mid 0.133

Low vs. High 0.021
5 Control vs. High 0.048
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Control vs. High 0.265
Control vs. High 0.587
Control vs. Mid 0.083

Control vs. Low | 0.371

Control vs. High

0.516
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Figure 1. Average Group Heart Rates for Rats Exposed to Residual Oslirly A
Spontaneously Hypertensive rats (n=35, 8-9/group) were intratracheallgdnsith a
single dose of residual oil fly ash (ROFA) particles suspended in saline on Ba§ 0 (
AM). Control animals received saline, low dose animals received 0.83 mg/kg ROFA,
mid dose received 3.33 mg/kg ROFA, and high dose received 8.33 mg/kg ROFA. Heart
rate was continuously monitored via previously implanted radiotelemetry fitggrsm
Data were obtained every 5 minutes, and have been averaged by exposure group over 30-
min intervals for clarity. Alternating light and dark bands represent dagimde

nighttime, respectively.
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Figure 2. PCA Heart Rate Curve Results for Pre- and Post-Exposure
Principal component analysis (PCA) results for heart rate ddimined from
Spontaneously Hypertensive rats from -4 to 4 days following iatda¢ral instillation of

residual oil fly ash (ROFA).Each line represents a rat included in the analysis (n=35).
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Note that each color expresses each treatment group — blue is ,cgeliml is low
dose ROFA, green is mid dose ROFA, and red is high dose RORA plots in the left
column show the different principal component vectors. The correspondiesaarthe
second column show the data variability attributable to each princp@ponent

projection.
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Figure 3. PCA Dimensional Projection Plots of Heart Rates Pre- and RusttEs
Principal component analysis (PCA) results for heart rate ddtimined from
Spontaneously Hypertensive rats from -4 to 4 days following iatda¢ral instillation of
residual oil fly ash (ROFA).Each circle represents a rat included in the analysis (n=35).
Note that each color expresses each treatment group — blue is ,cyeli@h is low
dose ROFA, green is mid dose ROFA, and red is high dose ROFAhd-plots on the
diagonal, the upper left plot (a) is the distribution of the prajactif 35 points onto the
1% principal component direction vector (PC1). The lower right diagomal(p) is the
distribution of the projection onto the DWD direction vector, which waserhts be the
best separation for the control vs. high group. Off-diagonal plotdhardistribution of
two-dimensional projection onto two different direction vectors. Diaet vectors PC1
and PC2 are orthogonal to each other, whereas PC1 and DWD veaonsotar

perpendicular.
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Figure 4. Heart Rate Projections on the Distance-Weightegtiiin Vectors for Pre-
and Post-Exposure

Principal component analysis (PCA) results for heart rate ddimined from
Spontaneously Hypertensive rats from -4 to 4 days following iatda¢ral instillation of
residual oil fly ash (ROFA). Note that blue represents control rats (n=8) and red
represents high dose ROFA animals (n=9). The curves (aegyevell separated with
respect to the DWD direction and the corresponding 1-dimensionatioojgair-wise
t-value is 15.30. The 17 data points were relabeled and the DWDialiregas
computed to get new pair-wisevalue. Iterating 1,000 times resulted in a new plot (b),

from which the Direction-Projection-Permutatipivalue was obtained.
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Figure 5. Heart Rate Projections on the Distance-Weightesttion Vectors for 47.5
Hours Post-Exposure

Principal component analysis (PCA) results for heart rate ddimined from
Spontaneously Hypertensive rats immediately following intragak instillation of
residual oil fly ash (ROFA) until 47.5 hr post-exposuiote that blue represents control
rats (n=8) and red represents high dose ROFA animals (n=9). TWes da) are very
well separated with respect to the DWD direction and the soreling 1-dimensional
projection pair-wisd-value is 15.30. The 17 data points were relabeled and the DWD
direction was computed to get new pair-wisalue. Iterating 1,000 times resulted in a

new plot (b), from which the Direction-Projection-Permutaperalue was obtained.



29

Figure 6. PCA Heart Rate Results for the First Three Nights Post-Erposur

Principal component analysis (PCA) results for heart rate ddi@mined from
Spontaneously Hypertensive rats obtained from the first 3 noctuenialdp following
intratracheal instillation of residual oil fly ash (ROFA).irdles represent the®lnight
following exposure, plus symbols represent therght, and triangles represent tHé 3
night. Note that each color expresses each treatment group — ldloetrisl, yellow is
low dose ROFA, green is mid dose ROFA, and red is high dose ROHKhe Aegment
connects a symbol representing each rat, such that relationshipgirmeecan be

assessed.
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Figure 7. Fishing License Method Heart Rate Results for 30 Minute Effests P
Exposure

Fishing License Method (FLM) results for heart rate data obtained from&ganuisly
Hypertensive rats immediately following intratracheal instdlatof residual oil fly ash
(ROFA) until >3 days post-exposure. Note that green represents contraE&tsuid

red represents high dose ROFA animals (n=9). The FLM systematicafi\fde

treatment effects between two groups when every time interval of theoflatdion

period is considered (15). The coupled parentheses near the x-axis repres¢héall of
30-min intervals where there were statistically significant differeetween the control
and high dose groups. The blue vertical lines demonstrate the average of the $ydistinct
identified time periods.



