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This paper presents the response in subjects with asthma to gaseous
air-pollution levels, weather, and medicine intake as identified by
principal-component analysis and neural network techniques. Pulmonary
function measured by respiratory peak-flow rate in nonallergic asthmatics was
associated with ambient, low-level, air-pollution concentrations of sulfur
dioxide and nitrogen dioxide, temperature, relative humidity, and medicine
intake. Results from 27 nonallergic asthmatics aged 18—60 years with
well-characterized bronchial asthma and regular medical treatment were
analyzed from two cities. During an 8-month period, each subject kept a diary
table, which included symptoms, lung function (evening peak flow),
medicine intake, and tobacco smoking.

High intake of medicine and high ambient temperatures corresponded to
decreased peak flow. The changes in temperature did not occur in
situations with low medicine intake. During frost periods, peak-flow values
decreased independently of medicine intake and levels of SO,. During
other times, increased levels of SO, and NO, increased temperature, and
increased intake of medicine, and low relative humidity corresponded to
decreased peak flow. Increased levels of SO, and NO, corresponded
synergistically to decreased peak flow at levels above 40 pg/m®.
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During the last decade, asthma hospitalization
among children and asthma mortality rates have in-
creased (13, 35). From 1980 to 1987, the US na-
tional hospital discharge rates for asthma increased
nearly threefold and the death rate from asthma in-
creased by 31% (6). Ledrup et al. (21) found that the
admission rate of children from birth to 14 years old
with bronchial asthma in Oslo increased by a factor
of 2.3 over the period 1980-9. This recent increase
in prevalence of and mortality from asthma may be
due to increased concentrations of airborne pollut-
ants during the last decades (31).
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There is epidemiologic evidence that air pollutants
are associated with impaired lung function and res-
piratory symptoms, although not all studies system-
atically characterized subjects with respect to
asthma. Ware et al. (33) found increased respiratory
symptoms in children exposed chronically to partic-
ulate matter and sulfur dioxide (SO, ). Dockery et al.
(7) reported that rates of chronic cough, bronchitis,
and other chest illnesses in children were positively
associated with particulate air pollution.
Experimentally, increased exposure to SO, and
nitrogen dioxide (NO,) have been shown to increase
bronchial reactivity and decrease lung function in
asthmatics (36). Other studies have found no readily
apparent risk to human subjects from exposure to
relatively low levels of air pollutants (10, 16).
There is great variability of sensitivity within the
asthmatic population from subject to subject and
within each subject over time, and symptoms are
highly influenced by environmental variables (36).



Empirically, asthmatics feel the influence of meteo-
rologic factors such as fog and wind, and ﬁuctua-
tions in barometric pressure, thermal inversions, or
cool air may trigger asthmatic events. The 1nﬂpenqe
of weather conditions on asthmatic outbreaks is still
a controversial subject (4, 24, 25).

In 1986, Copenhagen City Council _proposeq a
new air-pollution warning system including a service
for persons with respiratory diseases. Consequently,
a prospective open study was initiated at five Dan-
ish hospitals in four cities to identify possible rela-
tionships between the relatively low Danish air-
pollution levels and meteorologic parameters and
illness in a population of nonallergic asthmatics. A
total of 73 subjects participated in this study over an
8-month period (October—May 1987-8). Because of
the lack of understanding of the possible dose-
response relationships, neural networks were applied
to recognize patterns in the asthmatic responses.
Neural networks have been shown to provide effi-
cient solutions to problems that are difficult to solve
by traditional statistical techniques (29).

Methods
Subjects

Asthmatics from two of the four cities, Odense (1.2
subjects) and Aalborg (15 subjects), were u‘sed.m
this analysis. The two cities were very similar in size
(100-150000 inhabitants) with mixed industry. Do-
mestic heating and traffic emissions caused most of
the air pollution. _
Outpatients aged 18—60 who had been dlagnos.ed
as having asthma the previous year at the chest clin-
ics involved were invited to participate. Thqse who
answered positively were screened for inclusion. All
subjects had well-characterized, nonallergic, peren-
nial asthma and were familiar to the clinic.s. The
diagnosis of asthma was verified by the coexistence
of symptoms (dyspnea, cough, or wheeze) and re-
versible airway obstruction for more thap 3 months.
All subjects had at least 20% variability in lung func-
tion measured by either FEV, or peak flow over
short periods, and consumed a monthly average of
at least one P,-agonist nebulizer (200 doses). The
mean measured FEV, of predicted value was 607,
for smokers and 85% for nonsmokers. Forty per-
cent of the 27 subjects smoked, and the male/fema}le
ratio was 0.4. No significantly different characteris-
tics were detected between the two city asthma
panels. .
No subject suffered from concomitant severe d!s-
ease. Pregnant women and persons changing habits
during the period were excluded. Smoking was _al-
lowed if held constant. Treatment with theophy}lme
and inhaled steroids was also allowed. All subjects
had negative skin prick tests to a panel of 10 com-
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mon Scandinavian allergens; this avoided interac-
tions with effects from indoor or outdoor airborne
allergens (23).

At inclusion, the lung function (FEV, and FVC)
of all subjects was thoroughly tested by international
standard procedures. The daily measurements of
peak flow were obtained with the Wright mini-peak-
flow meter. The highest of three technically correct
measurements was recorded in the diary.

The daily use of medication was recorded by the
drug and dosage registration. In the analysis, this
information was transformed into a standardized
score by weighing the medicine doses; one score unit
was one inhalation of spray, one 5-mg prednisone
tablet was 10 points, etc. In each chest clinic the
subjects were instructed in medication by oral and
written information.

The fieldwork was performed by members of the
Air Pollution Group of the Danish Asthma-Allergy
Association.

Environmental variables

The main sources of air pollution in the two cities
were heating and vehicle emissions. Data on the
24-h mean concentrations of SO, and NO, were
available from the National Environmental Research
Institute’s measuring station network. Data were
available from only one central site in each city.
Values of the 12-h day-mean (0600—1800) relative
humidity, and temperature were obtained from local
airports near each city.

Statistical analysis

Multivariate analysis. Multivariate statistical analy-
ses of the data obtained for each subject by the
partial least squares method (12) revealed that
0-509%, of the subject-specific asthma response
(symptoms, peak flow, and medicine consumption)
could be related to changes in environmental con-
ditions, and that the relationships between the asth-
matic response and variations in air pollutants and
weather were extremely subject-dependent (22). Data
plots further revealed nonlinear relationships. The
observations for each variable were autocorrelated
with a correlation coefficient of about 0.6—0.8, and
the dependent and independent variables were cor-
related within each set (multicollinarity). Such char-
acteristics significantly bias the estimation in least-
squares regression models. When such models were
applied, including ridge regression, indecisive results
were obtained for the two independent data sets, one
for each city.

The principal-component analysis is the classic
multivariate analysis to find combinations of a set of
correlated variables which produce components that
are uncorrelated. In order to compare the results
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from this multivariate analysis and the neural net-

work analysis, we used the same input in both anal-

yses. A random selection of 229, of the full data set

(the test set; see below) over subjects and cities was

used for the principal component and to test the

neural network models. The following central vari-
ables were included:

1) the day’s medicine intake normalized to personal
average [ Dmed(t)] in score values

2) the relative change in medicine intake from the
previous day in score values [Dmed(t—1)]

3) the day’s and the preceding day’s peak flow nor-
malized to personal average in I/min [DPE(t),
DPF(t - 1)]

4) day-mean temperatures in °C [Temp(t)]

S) day-mean relative humidity in %, [Hum(t)]

6) the day’s 24-h mean values of SO, and NO, in
pg/m? [SO,(t) and NOL(t)].

The definition of these variables was determined
by the requirement of the input to the neural net-
work.

The neural net

The network used was a “back-propagation” net-
work. It learns by example and repetition. The net-
work consisted of units (neurons): a layer of input
units, layers of hidden units that have no direct input
from or output to outside the network, and a layer
of output units. The input layer sends signals to the
next layer of neurons. Each hidden neuron receives
signals from all the neurons in the preceding layer.
A neuron sends a signal when the sum of the input
signals has reached a certain level. Some input sig-
nals can be inhibitory; others can be excitatory. The
function which maps the input of a unit to its out-
put has a sigmoid logistic form. Connected to every
unit connection in the neural network is a variable
weight that enforces or diminishes the signal through-
out the network. The strengths of the weights are
determined by a learning algorithm, enabling the net-
work to learn and reproduce particular output from
a given input pattern. Once the system is trained and
a new input pattern is submitted, the system reacts
in a highly complex, but well-defined manner, ac-
cording to the learned weights. The neural network
used was the commercial back-propagation network
software, Brainmaker (California Scientific Soft-
ware, USA). The training algorithm is

(1) wy(t + 1) = wy(t) + n g x; + m[wij(t)
7 Wij(t bl

where w;; is the weight associated with the transfer
from neuron i to neuron j, X; is the output from
neuron i, ¢; is the error term for neuron j, n is the
learning rate, and m is a smoothing factor.
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In this study, characteristics for a given person
with asthma were given to the input layer with in-
formation on levels of environmental variables.
Eventually, a pattern was formed by the internal
neurons that matched a previously learned pattern
representing the response of an asthmatic person to
environmental conditions. The network then used its
outputneurons to signal a given response, i.e. changes
in peak flow. Under the same input conditions, the
trained neural network always sends the same out-
put.

After several attempts, the neural network topol-
ogy was set up with 52 neurons in an input layer, two
intermediate layers with 40 and 25 neurons respec-
tively, and one single output neuron (peak flow). The
input neurons were stimulated by three consecutive
days of data in order to identify time-lag effects. All
data sets were randomized before being presented to
the network, and, randomly, 229, of the data sets
were held back for testing purposes. A new network
training procedure was developed during this study
for the learning process of the network to diverge, i.e.
by gradually decreasing the learning rate (9).

The network was trained for each city population
and for the two populations combined, giving a total
of three independently trained networks.

Input and output variables

Each data set (“fact”) included the following infor-

mation for a specific day:

1) the patient’s sex, age, city

2) average smoking habits: cigarettes smoked on a
given day and the 2 previous days

3) average medicine intake and its variance and
standard deviation, and intake on a given day
normalized to personal average

4) the change in medicine intake on a given day
relative to the intake of the 2 previous days

5) average peak-flow value and its variance and
standard deviation, the previous day’s peak flow
normalized to personal average, and the change
in peak flow between the previous day and the
day before it

6) number of days the patient is unable to go to
work because of symptoms, and days at hospital
because of asthma

7) days with frost, 3 days’ day-mean temperatures,
and 3 days’ day-mean relative humidity

8) SO, and NO, 24-h mean values on a given day
and the 2 previous days.

The observed peak-flow values on a given day,
normalized to the personal average, were presented
to the network during training. After training, the
network forecast the value as dependent on the input
values.

The total data set was 2295 (facts) for training.



The number of facts was 918 for the city of Odense
and 955 for the city of Aalborg when all days with
missing values were excluded. A total of 422 facts
comprised the independent test set. One run was all
data sets presented at one time to the network. The
largest deviation value in percentage between ob-
served and estimated peak-flow values is called the
tolerance value. The network was trained by pre-
senting the facts over and over to it. This training
process was repeated until the network got all the
facts correct within a given tolerance value.

Results

The 24-h mean SO, concentration range was 15—
18 pg/m? in the two cities, with a common 95th
percentile value of 41 pg/m?, and peak values of
81 pg/m? and 57 pg/m?, respectively. The 24-h mean
NO, concentrations over the 8-month period were
39 pg/m?* and 48 pg/m?, respectively, with 95th per-
centile values 73—-80 pg/m*® and peak 24-h values
91-95 pg/m>. These concentration levels are well
below the WHO recommended air-quality guidelines
(36).

The weather was relatively variable with a tem-
perature between a few degrees below freezing and
20°C (mean 6°C). The relative humidity was 48—
999% (mean 79%). Fog occurred only on a very few
days throughout the 8-month period.

The average standard deviation in peak-flow val-
ues between subjects was 389, of the mean; and
between days within subjects, 149, of the mean,
ranging from 4.2 to 29.99%.

Multivariate analysis

The Pearson correlation matrix for the central var-
iables, peak flow, medicine consumption, tempera-
ture, relative humidity, SO, level, and NO, level, is

Table 1. Pearson sample correlation matrix

Pulmonary function changes in asthmatics

shown in Table 1. The matrix indicated a positive
linear relationship between a given day’s peak flow,
DPFE(t), and the previous day’s peak flow,
DPF(t - 1), but no significant linear relationships
existed between the peak flow and environmental
variables except for temperature.

A given day’s peak flow [DPF(t)] was specifically
negatively correlated to the intake of medicine
[Dmed(t)], which was negatively correlated to the
previous day’s medicine consumption [ Dmed(t — 1)]
and day-mean temperature [ Temp(t)], and positively
correlated to the NO, level. The environmental var-
iables were correlated, as one would expect. The
autocorrelation influenced the significance given for
the correlations in Table 1. The correlation coeffi-
cients were biased; the variance within each varia-
ble was larger than if the autocorrelation was zero,
and, consequently, the correlation coefficients may
have been underestimated. However, because of the
high number of observations, Table 1 may still give
a correct picture of the Pearson correlation pattern.

Table 2 shows the result of the principal-
component analysis on the test set: the proportion
of the total variance accounted for by each compo-
nent and the component’s weights. The values in
each column of the matrix in Table 2 give the weights
of the linear combinations forming each principal
component. The coefficients of each component have
been standardized so that the sum of their squares
is equal to 1.

The lack of correlation between principal compo-
nents is a useful property because it means that
the components measure different “independent
dimensions” in the data. Table 2 orders the compo-
nents with regard to the amount of the total varia-
tion that each component explains. When one does
a principal-component analysis, there is always the
hope that the variances of most of the components
will be so low as to be negligible. First, it is seen from

Dmed DPF DPF Temp Hum S0, NO,

(t=1) (t) {t=1) (t) (t (t) t)
Dmedt) 0,295 # -0.261# ~0.300# -0.151$ 0.027) (0.085) 0.139%
Dmed(t- 1) = 0.263# (=0.071) (0.044) -0.119 (-0.017) (0.022)
DPF(t) - 0.576# (=0.042) (0.016) (0.020) (0.035)
DPF(t-1) - (-0.092) (0.042) (0.067) (0.017)
Templt) - ~0.290# -0.259# -0.498#
Hum(t) 0.128% 0.165#
S0, = 0.510#
NO, (1) %

Number of cases=422.
(XX) nonsignificant value.
XX P value <0.05.

$  Pvalue<0.01.

#  Pvalue<0.001.
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Table 2. Principal-component analysis: variance explained and component weights

Component no.

1 2 3 4 5 6 7 8

Variables ~ 25.4% 23.2% 14.1% 114% 9.4% 7.8% 5.0% 3.8%

Dmed(t) 0.230 80,4580 4% =028 8= 0560 0,528 =0,0750,23
Dmed{t1I =00 88022 8 S 07/2 880 S (RS 01248 0191 === 0 X788 037,
DPF(t) 5.0 0287617 R 01 ) O et O N1 41 I /M B I 018 7SSO N1 6 0157
DPF(t-1) 003 -057 043 -027 0.00 -0.07 -0.12 0.64
Temp(t) -0.53 008 -003 -019 042 052 044 0.17
Hum(t) 032 -0.04 035 076 -018 038 0.08 0.09
S0, (t) 047 -0.08 -023 -033 054 033 -043 -0.12
NO,(t) 0,565 00T = 0TS =0 M A% 0100 =0 N B=E0 732071 b

Values greater than 0.40 are italicized.

Table 2 that the variation in the data set cannot be
adequately described by a few components. Second,
it is seen that components 1, 4, and 7 mainly iden-
tified variation within the environmental variables,
and components 2, 3, and 8 mainly identified vari-
ation within the subjects. The remaining two com-
ponents, which accounted for only 179, of the total
variation, basically related medicine consumption
and peak flow to the environmental variables in
combinations that are not easily understood.

Fig. 1 shows the biplot for the first two principal
components, which together explain 48.6% of the
total variance. The lines representing the positive
directions of the axes of the original variables inter-
sect at (0.0), which is the mark for the means of all
variables. The length of each vector is proportional
to its contribution to the principal component. The
correlation between any two variables is represented
approximately by the means of the cosines of the
angles between the corresponding axes; a right angle
indicates uncorrelated variables (11).

The multivariate structure is dominated by the
correlations between the environmental variables,
and between a given day’s and the previous day’s
peak flow and the medicine intake. The components
indicate a rather complicated correlation structure
between air pollutants and peak flow. Peak flow
basically correlated with medicine consumption, and
medicine consumption correlated with environmen-
tal variables.

Neural net analysis

The networks could be trained to tolerance values
229% (2141 runs) for the city of Odense, 18% (909
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Fig. 1. Biplot for first two principal components, data test set.

338



Table 3. Sensitivity analysis of neural network’s ability to forecast daily peak-flow
changes in nonallergic asthmatics. Observed values are the independent test set for two
cities

Predicted/observed

number of cases Increased peak flow Decreased peak flow

Increased peak flow 78 32
Decreased peak flow 33 87

Predictive value of
peak-flow increase

Predictive value of
peak-flow decrease

78/(78+32)=0.71

87/(33+87)=0.73

runs) for the city of Aalborg, and 26 %, (714 runs) for
the two data sets combined.

Testing the trained networks on the withheld 229,
of the data (test sets) gave the following slopes for
the linear orthogonal regression lines between ob-
served peak-flow values and predicted values by the
network: 0.77 (0.59-0.98) for Odense, and 0.81
(0.63-1.0) for Aalborg. The values are the mean
estimate, and the upper and lower 959 significance
values. The networks had never seen these results
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before, and an ideal model has a correlation of 1
between the observed and predicted values. When
the trained network for Aalborg was tested against
the withheld data for Odense, and visa versa, the
number of good facts, i.e. facts within a given toler-
ance value, decreased by less than 109%,. Both mod-
els were therefore fairly universal. The number of
good facts for the two data sets combined was 83.2%,
for the same tolerance value as obtained during the
training. For unknown reasons, only two subjects
were responsible for 29% of the bad facts. The re-
maining bad facts were randomly distributed among
subjects and days.

The significance of the neural network models can
be tested by calculating the Pearson correlation for
the linear relationship between observed and pre-
dicted values in the test set.

The correlations were 0.528 for the “Odense” test
set, 0.517 for the “Aalborg” test set, and 0.524 for
the two test sets combined. For all three correlation
values the P value was highly significant (less than
10~°). The trained network models therefore are
highly significant.

An important way to view the network’s ability to

ie

s Medicine Intake (Score - mean)

Fig. 2. Estimated change in evening peak flow as function of medicine consumption and ambient concentrations of SO, and NO, at

equal levels.
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Fig. 3. Estimated change in evening peak flow as function of ambient concentrations of SO, and temperature.

classify the responses of the subjects is through sen-
sitivity analysis. Table 3 shows the results obtained
by comparing the forecast peak-flow changes with
the observed values in the two test sets combined.
Only days when the observed peak-flow changes
were 15 [/min larger than the seasonal mean value
were considered, since this is the general uncertainty
on the Wright mini-peak-flow meter. On a daily
basis, the networks were able to forecast positive
and negative peak-flow changes correctly from vari-
ations in the environmental variables in more than
70%, of the cases.

Because the networks were complex dose-
response models for the asthmatic subjects, they can
be used to predict day-to-day changes in peak flow
from changes in the input variables. For instance,
changing the sex of the network from male to female
decreased the expected peak flow by 49 1/min. The
network also estimated that a subject who smokes
11-20 cigarettes per day has a peak flow that is
63 1/min lower than one who smokes 1-10 cigarettes
per day.

Changes of input variables show how sensitive the
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subject’s peak-flow response is to changes in these
variables, and how they relate to each other. Figs. 2—5
show some changes in peak flow related to changes
in medicine intake, temperature, relative humidity,
and levels of SO, and NO,. All other variables were
in each case held at average.

High intake of medicine and high ambient tem-
peratures corresponded to decreased peak flow,
while changes in temperature did not show this ef-
fect in situations with low medicine intake.

In frost situations, peak flow decreased indepen-
dently of medicine intake and levels of SO,. In-
creased levels of SO, and NO,, and increased tem-
perature and intake of medicine corresponded to
decreased peak flow. Increased levels of SO, and
low relative humidity also corresponded to decreased
peak flow. Increased levels of SO, and NO, corre-
sponded synergistically to decreased peak flow at
levels above 40 pg/m?, which is the WHO recom-
mended concentration level for no effect. The re-
sponses to the environmental variables on a given
day also depended on the health status (peak flow
and medicine consumption) of the 2 previous days.
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Fig. 4. Estimated change in evening peak flow as function of ambient concentrations of SO, and relative humidity.

Discussion

Allergic and nonallergic asthmatics may have the
same respiratory disease and the same response to
the same kind of medicine. Both groups also re-
spond to unspecific stimuli such as dust particles,
smog, fume, cold air, etc. In addition, allergic asth-
matics respond to the allergens to which they are
allergic. To eliminate some confounding factors, we
excluded all allergic asthmatics. The Danish multi-
center study by @sterballe et al. (23) concludes that
in this region approximately 85% of asthmatics suf-
fering from allergy can be diagnosed by using 10
common highly standardized airborne allergens for
skin prick test, and by medical history. The remain-
ing 15% are those suffering from industrially pro-
voked asthma, food allergy, or other causes.
Recently, it has been concluded in an editorial
that clinicians can look forward to studies that will
allow the determination of the potential value of ar-
tificial neural networks in modern practice (14). It is
in pattern-recognition applications, such as in diag-
nostics, scanning, and image analysis, that neural
networks will make a significant contribution to clin-
ical practice (1, 2, 8, 34) . Our study represents an

application of the typical feed-forward neural net-
work with coefficients set through back-propagation.

Experience indicates that neural network map-
ping of a multivariate space is reliable and useful
when at least 109, of the problem space is covered
by examples (20). In our case, all three indepen-
dently trained and tested networks had similar fore-
casting properties. We therefore believe that the data
gathered have some hidden information that the net-
works were able to extract, and that the results are
consistent and robust.

The need for gradually decreasing the learning
rate as the training process proceeded indicates a
largely inherent data complexity. A high learning rate
forces the network to jump from state to state with-
out much ability to generalize over the whole set of
data. Decreasing the learning rate helps the network
to identify a common pattern over what appears to
be a diverse set of examples. Consequently, the
learning process requires a large number of runs, as
we also experienced.

The neural network models were characterized by
large residuals in the dependent variable with cor-
relation coefficients of about 0.5-0.6 between ob-
served and estimated peak-flow values in the test set.
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Fig. 5. Estimated change in evening peak flow as function of ambient concentrations of SO, and NO,.

However, the correlations are highly significant be-
cause of the high number of observations.

The large residuals may arise from a rather poor
exposure assessment for each subject. The fixed-site
monitoring of the pollutants does not allow for any
change in spatial and, to some degree, temporal vari-
ability of the pollutant concentration field over the
urban area within which people move. The repre-
sentativeness of fixed monitors depends on the pol-
lutant. Concentrations of SO, may be fairly repre-
sentative, while concentrations of NO, may be highly
variable, mainly as a result of traffic density. Con-
centrations of particles were not included in this
initial analysis.

The testing of the trained nets on the independent
test set (usually called cross-validation), i.e. to use
only a portion of the database in training the net-
work, and to use the rest of the database in assessing
the capacity of the network to generalize, is a stan-
dard tool within statistical pattern recognition, and
it is a hard test to pass (32). In our case, we also
cross-validated the network developed for one city
on the data test set for the other city, and vice versa.
The multivariate models applied to the test set failed
to have correlation coefficients above 0.3. Inclusion
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of time-lag effects in the multivariate analyses did
not improve this correlation. The fitting of (biased)
least-square regression models to our data gave cor-
relation coefficients of 0.4—0.6. Other researchers
have found that correlation coefficients of about
0.4-0.6 between respiratory responses in asthmatics
and environmental variables can be established by
time series analyses (19).

There are alternative modeling strategies for lon-
gitudinal data on several subjects that consider ran-
dom effects across individuals and autocorrelation
in the within-subject errors. These models include,
for example, linear models (5), binomial distributed
response models (30), and models that compare the
average change of response for two or more treat-
ment groups (18). These models assume specific de-
signs or dose-response relationships, and require
specialized software for their implementation.

Our results showed that the network’s efficiency
at nonlinear fitting, and its learning ability, i.e. ability
to ignore contradictory results and outliers, allowed
it to generalize the generic pattern to the same extent
as, or to a greater extent than, the classic methods.
However, the network makes it possible to explore
a far greater range of potential solutions to the dose-



response function than do conventional techniques.
On the other hand, the results are more difficult to
evaluate because of the lack of the usual F- or t-tests
for statistical significance.

The trained networks showed correlations be-
tween peak-flow changes and environmental varia-
bles at the relatively low air-pollution levels in Scan-
dinavia. Results from recent studies in this region
also indicate correlations between air pollutants and
lung function in persons with asthma in Scandina-
via. In Finland, Kuusisto (17) found that evening
peak flow was correlated to monthly SO, levels and
suspended particles in 127 persons with asthma liv-
ing in four cities. Children and adults living in areas
with slightly elevated air pollution have more upper
respiratory infections than children living in less pol-
luted areas (15, 27, 28). Bylin et al. (3) showed by
exposure chamber studies that short-term (30-min)
NO, exposures at levels that occur on city streets
(above 500 ug/m3) slightly increase bronchial re-
sponsiveness in persons with mild asthma. It is
highly likely that such concentrations occurred in
the two cities; however, the air-pollution monitoring
program was developed to measure the representa-
tive pollution levels, and not peak concentration
values.

It is well known that dry, cold air can cause a
decrease in peak flow. We confirmed the dry air
effect. The temperature and peak-flow relation was
more complex. In situations (days) with temperature
below 0°C, peak flow decreased (as expected) inde-
pendently of medicine intake and levels of SO,. In
situations with low medicine intake, increasing tem-
perature (0-20°C) did not affect peak flow, which
stayed high. In situations with high medicine con-
sumption, increasing temperature (0-20°C) caused
marked decreases in peak flow. This relationship
between temperature and peak flow supports earlier
findings by Pope et al. (26) using regression tech-
niques.

Elevated air pollution caused deterioration of
asthma (decreased peak flow and increased medi-
cine intake), but it is surprising that asthmatics might
be affected by air-pollution levels as low as those
shown in Figs. 2—5. The changes in peak flow shown
by the neural network models are, however, rela-
tively small, about 109%. It must also be taken into
consideration that the networks were trained on all
subjects regardless of their sensitivity to air pollution
and their management of their disease (medication
and lifestyle changes).

How do levels of air pollutants and weather affect
asthmatics in the streets and the home? Are there
any synergistic, additive, or other effects in these
situations? We found that increased levels of SO,
and NO, correspond synergistically to decreased
peak flow at levels above 40 pg/m?, and that the

Pulmonary function changes in asthmatics

effects of the pollutants depend nonlinearly on the
characteristic weather. The complexity of the many
parameters studied, including the qualitative nature
of some variables and the multiple nonlinear rela-
tionships, makes it difficult to apply classical regres-
sion techniques. This example shows that neural net-
works do have the capability to deal with these
variations in an epidemiology database.
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