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Abstract

The purpose of this study was to develop and test a platform
that would assist the Environmental Protection Agency
(EPA), and the scientific community at large, in the
generation of a human activity and energy expenditure
database of sufficient detail to accurately predict human
exposures and dose to various pollutants. The monitoring
system developed is easily extendable to the collection of
other health-related data. Our protocol tested the use of a
digital voice recorder to collect activity/location diary data
assuming it to be a less burdensome and a more reliable
method than using paper and pencil diaries or hand-held
computers. We expected the data to be more complete and
reliable than retrospective reports (diaries filled out at the
end of day) because the recorders are easy to use, the diary
entries are made as the events occur, and we expected that
participants would be more likely to complete the study
because of the reduced burden. The data collection plan
was also expected to show that the cost of the transcription
of the diary can be reduced substantially by using speech
and language processing to translate the digital diaries into
the EPA’'s Comprehensive Human Activity Database
(CHAD).

Introduction

The purpose of this study was to develop and test a
platform that would assist the Environmental Protection
Agency (EPA), and the scientific community at large, in
the generation of an activity/location/time/energy
expenditure database of sufficient detail to accurately
predict human exposures and dose to pollutants.
Collecting daily location/activity data along with measures
of pulmonary dynamics to assess human exposure to
airborne pollutants has proven to be expensive, to be
burdensome to the participant, and to produce unreliable
data. This study tested the feasibility of enhancing existing
technology to reduce respondent burden and cost and to
improve the reliability of data collection.
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One goal of this study was develop a protocol with
highly detailed reliable information with low subject
burden, two features which are generally inversely
correlated. Our protocol tested the use of a digital voice
recorder to collect activity/location diary data assuming it
to be a less burdensome and a more reliable method than
using paper and pencil diaries or hand-held computers.
We expected the data to be more complete and reliable
than retrospective reports (diaries filled out at the end of
day) because the recorders are easy to use, the diary entries
are made as the events occur, and we expected that
participants would be more likely to complete the study
because of the reduced burden. The data collection plan
was also expected to show that the cost of the transcription
of the diary can be reduced substantially by using speech
and language processing to translate the digital diaries into
the EPA’'s Comprehensive Human Activity Database
(CHAD).

Background and Previous Research

Capturing Environmental Exposure Data

The definition of environmental exposure provided by Ott
[12] and later adapted by others [9,11,15,16] is “an event
that occurs when there is direct contact at a boundary
between a human and the environment with a contaminant
of a specific concentration for an interval of time.” This
definition implies that four variables must be measured to
accurately characterize exposure: location (L), time (T),
activity (A), and concentration (C).

With renewed EPA interest in understanding the
relationship between activity and exposure, the early
activity data collected as part of exposure field studies and
activity pattern surveys (e.g., [6]) needed to be unified in a
single representation. The EPA developed a system to
store and systematically analyze the available data, the
Consolidated Human Activity Database (CHAD) [10].

Relatively recent surveys to capture time activity data
have been undertaken both on a state level [13] and the
national level [8]. These surveys utilized the 24-hour
recall method, which was a snap shot in time of individuals
representative of the state or nation.



Paper-based diaries, electronic diaries, voice-recorded

Domain of study

diaries, and observational techniques have all been used to The utterances that serve as the basis of this research

collect data about temporal activities, spatial locations,
product use, and dietary consumption of research
participants [7]. Diary methods relying on recall are not
highly reliable and have a relatively high respondent
burden, which negatively impacts participant compliance.
Observational techniques are extremely costly and
burdensome. Post-study processing of diary entries is
labor intensive unless simplified reporting protocols are
employed and automatic processing systems are
developed.

The primary task for this study was to develop or modify
technology for use in the collection of longitudinal activity
data. In an earlier study of CO exposures, the investigators

collection and pilot-tested a hand-held data entry device to
be used by the participant to enter the location/activity
code throughout the monitoring period [1]. This
methodology utilized a programmable HP 41C calculator,
where the keys were programmed to represent specific
locations or activities [17]. This basic system was
modified by Freeman [4] although a different micro-

processor system was used and an internal clock was

included in the package. More sophisticated electronics
available today enable the participant to record a broader
range of locations and activities by use of hand-held
devices, including the Palm Pilot or Personal Digital

Assistant (e.g., [2]).

were collected as part of an Environmental Protection
Agency (EPA) study that recorded voice diaries of subject
activity and location information throughout the day. The
subjects were instructed to enter their activities and
locations into a digital voice recorder as these data changed
over a seven day period. These diary entries, or utterances,
were organized chronologically by subject into a database
that represents the daily activities/locations of subjects in
the study. A human coder then transcribed each of the
audio files into a text format and classified them into
appropriate activity and location semantic categories using
the EPA's CHAD (Consolidated Human Activity
Database) code database. The CHAD database was created

aby the EPA as a unified representation for activities and

locations and will be the basis for the semantic categories
into which each utterance will be classified [1]. For
example, the semantic category for the location of the
subject’s own kitchen is represented by the CHAD code:
30121 Kitchen For example:

Example Diary Entry: “In the kitchen about to make
some eggs”

Location CHAD code: 30121 - Kitchen

Activity CHAD code: 11100 - Prepare and Clean up food.
A snapshot of a particular subject’s diary entries is given in
Table 1.

Table 1: Segment from Subject 1's Diary and Corresponding CHAD Codes

Time Recorded Utterance CHAD LOCATION CHAD ACTIVITY
8:57 AM in the bedroom starting housework 30125 - Bedroom 11200 - Indoor Chores
8:59 AM carrying clothes to the laundry room 30128 - Utility room / 11410 - Wash clothes

Laundry room
9:00 AM the bedroom getting more clothes 30125 - Bedroom 11410 - Wash clothes
9:05 AM loading the washing machine in the laundry room 30128 - Utility room / 11410 - Wash clothes
Laundry room
9:06 AM sitting down going to watch twenty minutes of 30122 - Living room / 17223 - Watch TV
Regis family room
9:23 AM I'm going to be brushing the dog in the family 30122 - Living room / 11800 - Care for
) room family room pets/animals
. the laundry room moving the clothes from the 30128 - Utility room / )
9:29 AM washer to the dryer Laundry room 11410 - Wash clothes
9:34 AM taking the dog for another walk in the rain 30210 - Your residence, 11800 - Care for
Outdoor pets/animals
9:45 AM kitchen doing dishes 30121 - Kitchen 11210 - Clean-up food
10:00 AM in my office checking email 30126 - Study / Office 17160 - Use of
computers

. . . . 30120 - Your residence, 11800 - Care for
10:10 AM in the hallway playing ball with Fetzer indoor pets/animals
10:18 AM back to the laundry room to load and unload 30128 - Utility room / 11410- Wash clothes

clothes Laundry room
pulled the sheets from the dryer I'm going to
10:54 AM making the bed and I'm going to be swnphmg stuff | 30128 - Utility room / 11410- Wash clothes
from the washer to the dryer and reloading the Laundry room
washing machine reloading washing machine
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Experimental Platform

Two physical devices were employed — one to capture the
heart rate data; the other to capture the voice diary.

Heart Rate Monitoring

Each subject wore a custom-built heart rate monitor with
three EKG electrodes. This device recorded heart rate at 2
minute intervals. Further, if the subject's heart rate
changed by more than 15 beats per minute from the
previous measurement, the device would beep — a signal
that the subject should make a voice diary entry.

Voice Diaries

Subjects carried a holstered digital recorder (Sony ICD-
MS1) to make their diary entries. Because of
cumbersome  headsets and unreliable  wireless
microphones, subjects were required to use the built-in
microphone on the device. Before participating in the
study, subjects were required to read a selection of text to
create a custom profile for Dragon’s Naturally Speaking
speech recognition system.

During training, participants were instructed to make a
voice diary entry whenever they changed location, changed
activity, or if the heart rate monitor beeped.

Experimental Results

Nine participants participated in the study for a duration of
one week each in addition to the training period. A
summary of some of the characteristics of these
participants is given in Table 2. Across the entire data
collection period for the nine participants, the average
daily experiment period was 8.56 hours.

Table 1: Subject Characteristics

ID | Sex Occupation Age Educatior
1 F Manages Internet 52 Some
Company College
Grocery Deli Some
2 F Worker 18 College
Construction High
3 M Worker 35 School
Database Graduate
4 F Coordinator 29 Degree
Coordinator for Some
5 F Non-profit 56 College
High
6 M Unemployed 50 School
. High
7 M Retired 76 School
. High
8 M Disabled 62 School
9 M Enwron_n_]ent 56 Graduate
Technician Degree
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Figure 1: Average Number of Recordings Per Day of the
Study

Recordings per day

There were 1350 diary entries across the nine participants.
The average number of recordings per participant was 29
per day. Given the average monitoring time of 8.56 hours,
participants were making 3.39 recordings per hour. An

interesting trend over the course of the field trial was a

precipitous decline in the number of recordings as the
week progressed. During the first three days of the trial,
participants averaged 34.81 recordings a day. During the
last 2 days of the trial, participants averaged 20.67
recordings a day. This suggests that participant fatigue of
the recording process is significant. Figure 1 shows the
diary reporting trend for participants over 7 days of the

trial.

Prompting based on heart rate change

In an attempt to encourage participants to report their
change in activities, the heart rate monitor would prompt
the participant with a tone if the participant's heart rate
changed by 15 beats per minute between two recording
intervals. This tone was fairly unobtrusive. During
training, participants were told to record their current
location and activity whenever they heard the tone. Our
trial study indicates that this tone encouraged diary entries
with only limited success. By analyzing the heart rate
data, we can determine when a tone was issued by the
monitor. By cross-referencing those times with the times
of diary entries, we can determine whether an entry was
made around the time of the tone. For this analysis, we
assumed the participant was following protocol if they
made a diary entry at any point in a 3-minute interval
surrounding the time of the tone.  Table 3 provides the
average number of prompting tones issued per day and the



percentage of times a subject made an entry corresponding

to a tone.

Table3: Heart Rate Change Indicator Tones and Subject
Compliance

Number of % of Times Subject Made a
Subject | Tones Per Day| Diary Entry Corresponding
(Avg.) to a Tone
1 22.1 45%
2 41.¢ 29%
3 32.t 36%
4 33.C 55%
5 33.c 36%
6 15.¢ 40%
7 32.t 37%
8 26.C 22%
9 22.1 31%

Diary entry quality

Of the 1350 diary entries, 133 (9.85%) contained no
encodable data. The subject's inadvertent start of
recording or failure to stop a previous recording was the
overwhelming cause of these false entries. One
disadvantage of the voice diary is that participants are
given no prompts or guidelines interactively while making
recordings. This problem was manifest in the data
collected. In 90 entries (6.6%) the subject’s activity could
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Statistical NLP for word analysis

The primary task is to take these spoken language
utterances, such as “l am on the bus on my way to South
Square Mall”, and automatically select the appropriate
activity and location CHAD codes. This task is commonly
referred to as “text abstraction” and will be performed
using statistical natural language processing techniques.

The statistical NLP technique consists of breaking the
original data into a training corpus and a testing corpus.
The training corpus is utilized for performing statistical
analysis to build probabilities that could be used to choose
the most likely semantic categories of new utterances,
whereas the testing corpus is utilized provide new
utterances the to test the model’'s classification ability. In
our domain, the testing corpus was created by removing
one day of data for one subject. The training set was
created from the remaining data from all subjects.

The training set is analyzed to get probabilities for a
naive Bayesian classifier to classify the utterances of the
testing set based on the words in each utterance. For any
particular utterance in the testing set, statistics were
generated based on the unigram (single words), bigram

not be coded by a human listener. In 20 entries (1.5%) a (word pairs), and trigram (word triples) probabilities and

human encoder could not determine the location.
Examples of this sort of deficient diary entry might only
include the location (“I'm in the kitchen”) or only the
activity (“I'm putting on my clothes”). It may be possible
to infer the location or the activity in some cases,
particularly if the previous diary entries were made in close
time proximity.

Speech recognition quality

combined together to classify an utterance into a CHAD
code each for activity and location [2]. For the purposes of
ease in writing in this paper, when referring to unigrams,
bigrams and trigrams, the phrase “word N-grams” will be
used in their place.

Bayesian classifier for N-grams
Word N-gram probabilities were determined for each

The speech recognizer used for this project was Dragon’s utterance in the training set. As an illustration, what is the

Naturally Speaking.
15-minute training script (a selection fromlice in
Wonderland). The daily recordings were made on the

Sony digital recorder and the actual speech recognition was

done offline. The quality of speech recognition varied
widely across subjects as is illustrated in Table 4.

Table 4: Per Word Speech Recognition Rate

Per Word
Recognition Rate
(%)
63
54
59
61
29
17

Participant

OO W|INF-
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Each subject was required to read a probability that the location iKitchen given the presence

of the word “kitchen” somewhere in the diary entry? We
employ Bayes’ rule:

P(A|B) =P(B| A* P(A)/P(B)
or as an example in our particular domain:

P(" kitchen"| Kitchen ) OP(Kitchen)
P(* kitchen")

P(Kitchen |" kitchen") =

The formula for P(“kitchen¥itchen) is computed by the
percentage of times the word “kitchen” appears in
utterances that have been classified as the category
Kitchen. P(itchen) is the probability that an utterance is



of the semantic categolitchen, and P(“kitchen”) is the
probability that “kitchen” appears in any utterance [3].

This formula can be generalized to accommodate
bigrams and trigrams in the above example.
single word as an input to the function, word doubles and
triples are used. Consider the following example:

"the_kitchen"| Kitchen ) OP(Kitchen)
P("the_ kitchen")

P(Kitchen |"the_ kitchen") = P(
The formulas for P(“the_kitchen'itchen), PKitchen),
and P(“the_kitchen”) are computed as they were above.

Word-Only Score Combination
Intuitively, trigrams should be given higher weight than

bigrams and bigrams higher than unigrams. For example,

take the trigram “riding to work”. The activity coding of

Instead of a

exploited to generate probabilities for each utterance’s
CHAD code taking into account previous utterances for
location and activity.

Primary Reasoning

Common sense tells us that there is a relationship between
a person’s locations and activites. One of these
relationships is that your current activities and locations are
related. Where you currently are and what you are
currently doing is usually related to one another.

For example, if you are cooking food you are typically
in the kitchen and vice versa -- it is highly unlikely that
you are in the bathroom or on the sidewalk outside when
you are cooking. Another of these relationships is the
connection between your current location and your
previous location. Typically where you are and where you
were are related. Similarly, what you are doing and what

Travel to/from... deserves much higher precedence based You were just doing are related.

on the trigram than the presence of the unigrams “riding”
and “work” somewhere in the input string.

A simple linear combination is employed where, for
each input and possible semantic category, the formula is:

Score (S,1)=0.2 *Unigram (S, 1)+
0.3* Bigram (S, 1)+
0.5* Trigram (S, I )

The word-only system is limited to only the words in the
diary entry whereas the human encoder has access to all of
the surrounding context as well as the words. A common
example of a difficult entry to encode for the word-only
system is a home office. An entry like “sitting at my desk”
without context is ambiguous between a home office and a
work office (but is distinguished in the CHAD database).
Since work offices are more frequent in the corpus, the
word-only system would likely select 32100 - Office
building / bank / post office as opposed to 30126 - Study /
Office. However, if the previous location indicated the
subject was at home, this information should be factored

The weights are chosen so they added up to one, thus thentg the analysis.

final score represented a combination of elements that are

parts of a whole [4]. To determine which semantic
category for each input | (I=utterance) is most likely we
calculate Score(S,I) for all possible values of S (S=CHAD
code for either location or activity) and chose the
maximum.

Statistical Analysis Using Surrounding
Context

Using Context to Resolve Ambiguities

Using the word-only n-grams produces 97.5% CHAD code
classification accuracy for location and 96.8%
classification accuracy for activity when the tested on the
training set. However, the classification accuracy of the
word-only system drops to 65.5% for location and 55.3%
for activity CHAD codes when applied to the test corpus.
This study’s primary goal is to improve the baseline
accuracy by utilizing contextual information present within
the diary. Specifically we assume the semantic
classification of surrounding utterances is available.

The data collected from the subjects is in chronological
order. Thus the sequence of activity and location CHAD
codes is preserved within the data.
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In all there were six relationships that formed the base of
the context calculations:

« 3 for activity
0 What is the probability of the activity
given the current location?
0 What is the probability of the activity
given the previous activity?
0 What is the probability of the activity
given the previous location?

» 3forlocation
0 What is the probability of the location
given the current activity?
0 What is the probability of the location
given the previous location?
0 What is the probability of the location
given the previous activity?

Algorithms

Context Formulas
For each contextual relationship, a formula serves as the

This sequence isbasis of the calculations for the addition to the word-only



system. The generic formulas for the six calculations are
naive Bayes probabilities of the current CHAD code given
the relationships described above.

Current Location given Current Activity 2P(CLoc | CACt)
Current Location given Previous Activity B(CLoC | PACt)
Current Location given Previous LocationFi(CLoc | PLOC)

A parallel structure exists for Activity CHAD codes.

“in the office” and “computer” are strongly biased towards
being in an office building in the training corpus.
However, the previous diary entry was encoded with the
location being Living room/family room. This
additional context information inhibits coding the current
utterances location a®ffice building/bank/post office
and increases the likelihood $fudy or Home Office

Table 5: Using Context Information Corrects Semantic
Interpretation

Weighting of Context Information

When calculating the word-only system, there is only one
probability we were concerned with. In the case of the

Diary Entry: “in the office at the computer”
Correct Location: Study or Home Office
Previous LocationLiving room / family room

context and word system, we have 4 factors to combine fof

both location and activity. Assuming a linear combination

Top 3 Location Word-only
Choices (w/ probability)

Top 3 Location Context +
word Choices (w/ prob.)

of weights, we determine the optimal weights
experimentally.

The weights are assigned to each calculation (Fo
Activity: per word N-gram score, Current Location,
Previous Activity, Previous Location ; for Location: per
word N-gram score, Current Activity, Previous Location,

Previous Activity) and then combined to get an overall
score for a particular CHAD code classification:

0.904 - Office ]
building/bank/post office 0.502 - Study / Office
_ 0:217 - Public 0.349 - Office
building/library/museum - )
building/bank/post office
/theater
0.212 - Public
0.053 - Public garage / parking  building/library/museum
/theater

ActivitySc ore = w, * PerWord + w, * PAct +

w, * PLoc + w, * CLoc

Location Score = w, * PerWord + w,* PLoc +

w, * PAct +w, * CAct
The weights should add up to one thus giving each
calculation a probability as part of a whole. These weights
were determined experimentally by trying all combinations

between 0.0 and .095 with a step size of 0.05 and selecting
the best scores from the training set.

Experimental Results

Leave-one-out testing

The total corpus consists of 1220 utterances by 9 different
subjects. Due the relatively small size of the data set,
leave-one-out testing was utilized to remove any test set
bias from the results. There were 42 days of subject
utterances within the full data set, thus there were 42
testing set/training set tests run in this experiment.

When the word-only system was applied to the leave-one-
out data sets, the results were as follows: location CHAD
code classification accuracy was 65.5%, activity CHAD
code classification accuracy was 55.3%.

In the following example presented in Table 5, the
subject’s diary entry “in the office at the computer”
actually corresponds to the subject being on the computer
in her home office. The word-only analysis strongly favors
the subject being in an office building because the phrases
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Adding Contextual Information

When contextual information is combined with the original
word-only calculations to the entire test set, the results
scores are summarized in Table 6.

Table 6: Word-only Analysis vs. Word + Context Information

Word- | Context Imorovement
only | & word P
Locations | 65.5% | 76.0% 16%
Activities | 55.3% 66.9% 21%
Discussion

Looking only at the words in the diary entry, we achieved
an average accuracy of 65.5% for locations and 55.3% for
activities. When the context data was combined with the
word calculations, there was a marked improvement.
Applying the context system to the test sets, the location
accuracy improved to an average of 76.0% an
improvement of 16% and the activity accuracy improved to
an average of 66.9% an improvement of 21%.

With the leave-one out testing weights, there was no
single weight configuration that provided optimal results
for all of the data sets. Further research would have to be
done to see if there is a pattern, range or some other
general method for generalizing weights for all leave-one



out data sets. The average weights that performed well arethe system can prompt the user to re-enter the voice diary

presented in Table 7.

entry.

In some situations, the system could prompt with

very specific questions with expected Yes/No answers — a

Table 7: Relative Weighting of Words and Context

Information
Activity Location
Per- Per-
word A 0.35 word Ws 0.29
Previous Previous
Activity | W2 0.18 Location | We 0.15 1]
Previous Previous
Location | W3 0.20 Activity | W7 0.27
Current Current (2]
Location | W+ | 927 | Actvity |We| 929
[3]
Future Work

[4]
One drawback of the system described above is that data is
captured passively by the system with no immediate
feedback to the user. In practice, the only time the system
communicated to the subject was when the system issued d5]
beep if the subject’s heart rate changed significantly. This
beep was a signal to the subject to make a diary entry.

A better solution is to create a dialog between the
subject and the system with more elaborate prompting and [6]
immediate error-correcting dialogs when the system is
unable to process the user’s diary entry. To create this
system, we are currently building an input device with the 7
PocketPC technology using a wireless mic/headset, built-in
GPS, a pen-based diary, and peripherals for exertion and
motion data gathering (Figure 2).

(8]

Figure 2: Time, Activity, Location, Exertion Data
Gathering Platform

Activity, Location,
Diet, Products Forms
Speech Out
Voice & Sound
(arpiece)  [@esmasesnses
Voice In

Wireless
Interface

El

—

Location (GPS) l ------------------------------ >

ActiLoc (Picture)

Exertion (HR)  feeeee >
Motion (Accel) ferses: >
Location (RFID) fe=ss+ >

iBean
Wireless
Receiver

This system will also fuse data from multiple input

response which has a high likelihood of correct speech
recognition.
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