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Abstract Asthma is a chronic condition of great public health
concern globally. The associated morbidity, mortality and
healthcare utilisation place an enormous burden on healthcare
infrastructure and services. This study demonstrates a multi-
stage quantile regression approach to predicting excess demand
for health care services in the form of asthma daily admissions
in London, using retrospective data from the Hospital Episode
Statistics, weather and air quality. Trivariate quantile regression
models (QRM) of asthma daily admissions were fitted to a 14-
day range of lags of environmental factors, accounting for
seasonality in a hold-in sample of the data. Representative lags
were pooled to form multivariate predictive models, selected
through a systematic backward stepwise reduction approach.
Models were cross-validated using a hold-out sample of the
data, and their respective root mean square error measures,
sensitivity, specificity and predictive values compared. Two
of the predictive models were able to detect extreme number
of daily asthma admissions at sensitivity levels of 76 % and
62 %, as well as specificities of 66 % and 76 %. Their positive
predictive values were slightly higher for the hold-out sample
(29 % and 28 %) than for the hold-in model development
sample (16 % and 18 %). QRMs can be used in multistage to
select suitable variables to forecast extreme asthma events. The
associations between asthma and environmental factors, in-
cluding temperature, ozone and carbon monoxide can be
exploited in predicting future events using QRMs.
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Introduction

Research in health forecasting is gaining greater attention
because of the potential role a reliable health forecast can play
in enhancing health service delivery. Health care services are
the most important component of any health system, and their
functions are more efficient and useful when the related insti-
tutions are pre-informed of anticipated excess demand. The
World Health Organisation (WHO) reports that effective health
service delivery requires some key resources including infor-
mation, finance, equipment, drugs and well motivated staff
(WHO 2010). Given the ever increasing demand for both the
coverage and quality of health care services, health service
delivery institutions and service providers struggle to tackle
situations of excess demand particularly those associated with
peak events (Bradley 2005; Derlet 2002). This is because
frontline health delivery services and providers are not usually
adequately informed and resourced enough to meet the needs
of a “higher than normal” demand for health care. Therefore,
improving the access, coverage and quality of health services
depends on the ways these services are pre-informed, organ-
ised and managed. Health forecasting services enable both
individuals and service providers to anticipate situations, and
hence take the necessary steps to manage peak or extreme
events (Hoot et al. 2008, 2009; Jones et al. 2008; Bradley
2005; Soyiri and Reidpath 2012b).

Health forecasting can be conducted through causal
(structured) modelling, semi-structured or unstructured
(black-box) approaches. There is considerable literature
on/related to health forecasting, which is focused on causal
modelling (Dominici et al. 2006; Hajat et al. 1999; Babin et
al. 2008; Peng et al. 2008; Pascual et al. 2008). Forecasting,
however, need not rely on good causal models, because
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good correlational models will do just as well. The proof of
the forecasting model is its predictive capacity, not its con-
formance to a particular theory. This means that it is not
strictly necessary to include any causal factors, and the
approach is usually data driven. Data-driven approaches
have sometimes created disagreements between causal mod-
elers and forecast modelers, but both approaches have a role
to play, and in the areas of empirical forecasting and data
mining, data-driven approaches are generally regarded as
superior for the purposes of forecasting and out-of-sample
prediction (Breiman 2001).

The analytical tools and techniques, like hospital atten-
dance and admissions, that have been involved in predicting
and forecasting health events are regression-based methods,
which model the conditional mean (Hao and Naiman 2007).
Many health forecasting studies that use these techniques
fail to address specific health conditions in context, but
rather focus on the broader issues such as total hospital
attendance or admissions (Champion et al. 2007; Milner
1988, 1997; Sterk and Shryock 1987; Abdel-Aal and
Mangoud 2003; Holleman et al. 1996; Farmer and Emami
1990), and quite often assume normality of the data in-
volved. These procedures are, however, limited because:
(1) they do not account for outliers in the data; (2) they are
unsuitable for heavily skewed data, and (3) they cannot be
relied on if there is a need to examine detailed properties of
certain important strata of the data (Hao and Naiman 2007,
Koenker 2005). Hence, looking beyond the modeling of the
conditional mean is particularly useful and applicable to the
case of hospital admissions where one might want to focus
on unusually high or low numbers of events.

Quantile regression models (QRMSs) are a better option for
modeling and forecasting peak events, because they are better
equipped to characterise the relationship between a response
distribution and explanatory variables for selective quantiles
(Barbosa 2008; Hao and Naiman 2007; Koenker 2005).
Unlike the traditional ordinary least squares method, quantile
regressions do not assume a constant effect of the explanatory
variables over the entire distribution of the dependent variable.

QRMs have been used extensively in other areas such as
econometrics and engineering, to predict extreme events such
as price volatility and exchange rates in stock markets (Huang
et al. 2011), or to examine the properties of materials that are
suited for particular purposes (Young et al. 2008). They have
also been applied in some health-related studies to estimate the
relationship between socioeconomic determinants and BMI
(Pieroni and Salmasi 2010), as well as how access to public
infrastructure affects child malnutrition in a developing coun-
try setting (Bassolé 2007). However, these and similar studies
involving quantile regressions have been focused mostly on
explaining the relationship of explanatory factors with respect
to quintiles, but not necessarily in the forecasting of peak
health events or conditions (Soyiri and Reidpath 2012a).
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Hence, the aim of this study was to develop predictive
QRMs for peak asthma admissions in London, and to further
assess the accuracy of selected predictive models using clas-
sical forecasting error measures. This study has important
implications for health care provision and policies that target
conditional distribution of health care services and resources.

Methods
Data

Hospital (asthma) admissions data were sourced from the
nationally recorded Hospital Episode Statistics (HES) main-
tained by the National Health Service, England (HES 2008).
The data included an anonymised record of all asthma-related,
emergency hospital admissions within London from 1 January
2005 to 31 December 2006 (i.e. 731 days of continuous data).

The operational definition for an asthma admission was
any hospital emergency admission with a primary diagnosis
of asthma (i.e. an ICD-10 code of J 45). A count of the
asthma admissions across all the hospital Emergency
Departments within London was recorded for each day of
the study period, and this daily count was used as the
primary dependent variable in the analyses.

A secondary, binary dependent variable was also created to
represent days of peak demand. Usually, a peak event should
be defined in collaboration with the relevant stakeholders,
taking into consideration the factors that determine the risks
of an event (Ebi and Schmier 2005). In the absence of such a
known threshold for daily asthma admissions within the
London area, a day of peak demand was defined on the basis
of a 90th percentile threshold at which the dataset was parti-
tioned naturally for quantile regression modelling (Azuaje
2010). Specifically, a day of peak demand was any day on
which the daily admissions count was equal to or exceeded the
90th percentile of daily asthma admissions (i.e. 40 or more
asthma admissions). We therefore use the notional definition
of “peak events” to refer to the number of asthma admission in
the top 90th percentile as explained above.

The corresponding weather data, obtained from the UK
Met Office database, was based on averaged daily measure-
ments from the weather monitoring sites across London
(Met-Office 2009b). The weather data contained 97 % of
complete daily records for the following parameters: ambi-
ent air temperature recorded (° C), barometric vapour pres-
sure (hPa) and humidity (%).

Air quality data were based on 24-h averages from air
quality monitoring sites across London. The Met Office’s
Numerical Atmospheric-dispersion Modelling Environment
(NAME) was used to generate measures for all corresponding
postcodes in the database (Met-Office 2009a). The asthma-
associated indicators available with full daily records were
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carbon monoxide, formaldehyde, nitrogen dioxide, nitrogen
oxide, ozone, and particulate matter (specifically PM;,). All
data were recorded in kilograms per cubic metre but converted
to mg/m> for carbon monoxide and pg/m? for the other
pollutants. All the measured weather and air quality factors
examined were identified in previous studies of respiratory- or
cardiac-related adverse health events, including asthma
(Priftis et al. 2006; Abe et al. 2009; Hajat et al. 1999, 2002;
Babin et al. 2008; Peng et al. 2008).

Data analysis and model evaluation

A decision tree was developed and used to generate
QRMs of daily asthma admissions based on the tempo-
ral, weather and air quality factors (Fig. 1). The predic-
tive validity of the models was compared using the

sensitivity and specificity measures for the prediction
of peak events.

For the expected total daily asthma admissions, the QRM
can be presented in the form below (further illustration of
the equation below is also available elsewhere: Hao and
Naiman 2007; Koenker 2005):

Y, = (()p) +,8§‘")x,»+€§”>
Where:

Y; is asthma hospital admissions for a given day, i
AP is a constant

ﬂil)m is a coefficient of exposure term
X; is the exposure term
e?) s the error term

p is the quantile

Fig. 1 Decision tree for

Original Datasets Containing:

developing quantile regression
model (QRM) forecasting
models for peak asthma events
using temporal, weather and air
quality factors

= Asthma admission records,
=  Daily Weather records,
= Daily Air Quality records

&
<

v

Full Time Series Dataset
2 Years (731 days) of continuous Asthma admissions,
date-matched by Weather and Air Quality records

01 Jan 2005-31 Dec 2006.

1-Transpolation of each indicator
by daily measures (sums/means);
2-Merging all three datasets by

date to form a time series dataset

/\

~
Model Development Sample

2 Years (731 days) of continuous Asthma admissions,
date-matched by Weather and Air Quality records
01 Jan 2005-1 May 2006.

Validation Sample

Last 8 months of days reserved for

validation of the forecast model
02 May 2006-31 Dec 2006.

Predictor Selection [I]

Run models with the number of visits as dependent
variable and the environmental measure as the predictor
15 times, for lags of 0, 1,...,14 days of the predictor;
For each model, control for seasonality.

Predictor Selection [II]

Choose the lag for which the link test passes and this
model gives the best pseudo-r-squared parameter at
convergence.

\ 4

Multivariable Prediction Model

#1-Form and run the multivariate model with all the
selected lags (Base model);

#2-Drop the insignificant variables in a systematic &
stepwise manner until all the variables’ left in the model
are significant (Reduced model);

#3-Predict the extreme asthma daily visits based on the
Base and Reduced models —p

Cross Validation Sample:
02 May 2006-31 Dec 2006.

Cross validation of the
multivariable forecast model

RMSE, Predictive values, Sensitivity, Specificity
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Trivariate QRMs were developed for the relationships
between the daily asthma admissions count and each of
the individual weather and air quality factors, controlling
for seasonality (as the third variable). “Season” was mod-
elled as a dummy variable with four categories: “spring,
summer, autumn and winter”. However, since the effect(s)
of weather and air quality factors on respiratory health
events are usually not instantaneous but rather delayed
(Hajat et al. 1999; Sheppard et al. 1999; Arbex et al.
2007), the lagged properties of the predictors were also
modelled. The procedure for the selection of suitable lags
is described (Predictor selection I and II) in Fig. 1. Only
significant lag predictors with the preferred pseudo-R? esti-
mate were included in the multivariate models, and then
only one lag for each predictor was selected. The range of
lags (0, 1,...,14) were explored for a more suitable/optimal
time frame for developing early warning messages. The lags
found to be suitable were: 3-day lag air temperature; 4-day
lag vapour pressure; 6-day lag humidity; 7-day lag ozone; 3-
day lag carbon monoxide; 4-day lag nitrogen dioxide; 13-
day lag nitrogen oxide; 4-day lag PM,(; and 13-day lag
formaldehyde.

The pseudo R*> (comparable to the R* for least squares
procedures) is the coefficient of determination for QRs and
it represents the goodness-of-fit statistic, which is most
appropriate for comparing models of specific quantiles
(Zietz et al. 2008; Barnes and Hughes 2002). Pseudo R? is
based on change in the deviance statistic, and ranges be-
tween 0 and 1. The pseudo R? is thus estimated as:

1 — [Sum of deviations about the estimated quantile/

Sum of deviations about the raw quantile.|

A backward stepwise reduction approach was then used to
model weather and air quality effects on the predictive model.
This approach involved the systematic elimination of statisti-
cally insignificant variables from the overall base model, until
a reduced predictive model was achieved. The final reduced
model included 3-day lag air temperature, 7-day lag ozone,
and 3-day lag carbon monoxide. This multivariate model was
used to predict the daily asthma admissions for peak events,
and its outputs were then compared with the base model.

Validation and forecasting

Two types of validity were examined. The first was model
validity. Model validity represents the extent to which the
model fits the data with which the model was developed (i.e.
the fit of the model to the hold-in sample). The second type
of validity was predictive validity. Predictive validity repre-
sents the extent to which the predicted, forecast values fit the
observed values (i.e. the fit of the model to the hold-out
sample) (Armstrong and Collopy 1992).
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Predictive values, sensitivity and specificity tests have
been used extensively in many different ways to assess the
accuracy of forecasts (Steyerberg et al. 2001; Galant et al.
2004; Sistek et al. 2001). In this study, sensitivity was
estimated as a measure of the proportion of peak asthma
events that were correctly identified; and specificity was
estimated as a measure of the proportion of non-peak asthma
events that were correctly identified.

Results
Summary statistics and distribution

The distribution of asthma daily admissions over the 2-year
period of the data show two clear peaks, one in 2005 and the
other in 2006 (Fig. 2). These peaks occur generally around
the spring. Other minor peaks also occur, but these were
distributed across all the seasons. Overall, daily asthma
admissions in London over the 730 days (whole data sam-
ple) had a mean of 28.5+£9.9 admissions per day ,and range
from 6 to 130 in some peak situations. In the case of the
hold-in and hold-out samples, this was, respectively, 27.9+
9.4 (10-130) and 29.7+10.7 (6-77).

Summary statistics of the meteorological and air quality
predictors used in the analyses are presented in Table 1.
There are similarities between the summaries of the selected
lags used for modeling (mean standard deviation and
spread) and their original measures. Individual variables
however, have a wide spread. Even though the summaries
for nitrogen oxide, PM;, and formaldehyde are fairly similar
across all their ranges, notable differences also occur be-
tween the whole, hold-in and hold-out data samples.

Table 2 summarizes the parameters of the trivariate anal-
yses, which were used to select the individual environmental
predictors for modeling. With the exception of a 4-day lag
vapour pressure, a 6-day lag humidity and a 13-day lag
formaldehyde, all the selected predictors had a statistically
significant (P<0.05) association with asthma daily
admissions.

Predictive QRM

Based on the design of the study, the predictive quantile
regression base model was fitted with three weather related
factors (i.e. 3-day lag air temperature, 4-day lag vapour
pressure and 6-day lag humidity) and six air quality related
factors (7-day lag ozone, 3-day lag carbon monoxide, 4-day
lag nitrogen dioxide, 13-day lag nitrogen oxide, 4-day lag
PM, and 13-day lag formaldehyde), whilst controlling for
the effects of the meteorological seasons. The second model,
(i.e. reduced model), was developed from the base model
through a systematic stepwise elimination of variables
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Fig. 2 Asthma admissions in
London (2005-2006)
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whose P-values were most insignificant, and at the same
time deliberately controlling for seasonality. This reduced
model was fitted with a 3-day lag air temperature; 7-day lag
ozone and 3-day lag carbon monoxide. Both the base and
reduced models passed the Link test model specification (i.e.
P-value of the “hatsq” term >0.05) for the hold-in sample.

Figures 3 and 4 show the scatter plots of the actual daily
asthma admissions and the solid green and orange lines
showing the predicted asthma admissions for the hold-in
and hold-out samples respectively, which are separated by
the vertical arrow line (~2 May 2006). The horizontal lines
illustrate the grand mean (solid grey line) and peak admis-
sions at 40/day (dashed brown line). Since the model for
predicted asthma admissions models the conditional 90th
percentile, any datapoint that lies above this predicted line
would have been rightly captured.

Sensitivity and specificity of the predictive models

Table 3 summarizes the predictive parameters of the base and
reduced models for both hold-in and hold-out samples. The
hold-in samples have fewer “true peak admissions” compared
to the hold-out samples, and this is reflected in their respective

Hold-in Period Hold-out Period
Jun Sep Dec Mar W Dac
T T
2006 2007
Date

sensitivity estimates of 76 %, 62 % versus 98 %, 96 %. The
base model has a lower specificity (66 %) compared to the
reduced model (76 %) for the hold-in sample, but a 1 %
slightly greater specificity (45 %) in the hold-out sample. The
positive predictive values were low; 16 % and 18 % for the
hold-in sample and 28 % and 29 % for the hold-out samples.

Discussion

Predicting excess demand for health care services is useful
to health care providers, because it enables them to ade-
quately plan and appropriately allocate the resources that
will enhance health service delivery (Hoot et al. 2008, 2009;
Jones et al. 2008; Bradley 2005; Soyiri and Reidpath
2012a). In this study we designed a mechanism (Fig. 1)
for developing predictive forecast models for peak number
of asthma daily admissions in London. About 8 % of the
daily admissions (between the 1 January 2005 and 2 May
2006) were classified as “peak”, i.e. > 40 admissions/day.
The base and reduced predictive models were able to detect
these days at sensitivity levels of 76 % and 62 %); as well as
specificities of 66 % and 76 % respectively. The positive

Table 1 Summary statistics of
lags in the hold-in/model devel-

opment sample. SD Standard
deviation

Variable Observed Mean SD Minimum Maximum
Asthma daily admissions 486 27.8786 9.3478 10 130

3-day lag air temperature (°C) 467 9.6621 6.1667 —2.5400 26.4800
4-day lag vapour pressure (hPa) 466 9.8646 3.7482 3.4250 20.6800
6-day lag humidity (%) 464 78.3476 11.9055 35.2000 99.5000
7-day lag ozone (ug/m®) 479 0.0109 0.0060 0.0008 0.0322
3-day lag carbon monoxide (mg/m?) 483 0.2542 0.0622 0.1552 0.5227
4-day lag nitrogen dioxide (ug/m®) 482 0.0219 0.0077 0.0092 0.0524
13-day lag nitrogen oxide (ug/m*) 473 0.0171 0.0116 0.0025 0.0660
4-day lag PM;, (ug/m?) 482 0.0111 0.0089 0.0017 0.0600
13-day lag formaldehyde (pg/m°) 473 0.0065 0.0033 0.0017 0.0184
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Table 2 Selected lags from a
trivariate quantile (0.9) regres-

sion analysis of Asthma daily
admissions, environmental pre-
dictors and seasons. CI Confi-
dence interval

*P<0.05; **P<0.01; ***P<
0.001
®For every one unit change in a

predictor variable, the predicated
value of asthma admissions will

Selected individual lags Coefficient® 95 %CI

3-day lag air temperature (°C) 0.43* 0.0781 0.7825
4-day lag vapour pressure (hPa) 0.35 -0.131 0.8218
6-day lag humidity (%) 0.10 —0.024 0.2211
7-day lag ozone (ug/m>) —270.28%* —542 1.4062
3-day lag carbon monoxide (mg/m°) 30.16%* 6.0797 54.2365
4-day lag nitrogen dioxide (ug/m>) 228.24%%* 75.493 380.99
13-day lag nitrogen oxide (ug/m>) 116.81%* 11.066 222.56
Four day lag PMq (ug/m®) 137* 20.406 253.59
13-day lag formaldehyde (ng/m>) 344.71 —46.14 735.56

change by the coefficient

predictive values were slightly higher for the hold-out data
sample (29 % and 28 %) than for the hold-in/model devel-
opment sample (16 % and 18 %). Some of the reasons for
these observed low predictions may be attributed to earlier
observations made about the very wide variations and con-
sistency in the distributions of the individual predictors.
Whereas temperature variation over time appears to be
consistent, there is less consistency in the variation of ozone
and carbon monoxide. Furthermore, measurement of the
latter is quite cumbersome, and obtaining area-specific esti-
mates can only be an approximation (Nigam et al. 2010;
Setton et al. 2011).

Among the nine variables selected for modeling, six were
significantly (P<0.05) associated with asthma daily

admissions, when controlling for seasonal effects. The var-
iables found to be less significant in the multivariate base
model have, however, been associated with asthma and
other respiratory illnesses in earlier reports (Hajat et al.
1999, 2002; Babin et al. 2008; Peng et al. 2008). Our
inability to use these variables as strong predictors of asthma
daily admissions is partly because of the nature of interac-
tions between them, as well as the consistency of their
distributions within the dataset. For instance, humidity and
barometric vapour pressure are linked independently to
asthma exacerbations (Priftis et al. 2006; Abe et al. 2009),
and again both are dependent on the seasons. Therefore, for
a model that already accounts for meteorological seasons,
the effects of humidity and barometric vapour pressure will
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Fig. 3 Base model prediction of peak asthma admissions using QRMs: London (2005-2006)
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Fig. 4 Reduced model prediction of peak asthma admissions using QRMs: London (2005-2006)

be minimized or affected by collinearity. Similarly, the
dominant effect of temperature on many air pollutants
(Katsouyanni et al. 1993; Ren et al. 2008) may account for
the lesser significance P-values observed for air quality
measures such as nitrogen, PM;, and formaldehyde.

In the multivariate modeling, the variability of asthma daily
admissions could be explained with fewer variables, including
a 3-day lag for air temperature; 7-day lag for ozone and a 3-
day lag for carbon monoxide. Hence, in the reduced model, all
other factors held constant, a one unit rise in, say, a 3-day lag
carbon monoxide can result in 27 additional daily admissions

(P<0.05; 95 % CI: 5.2259-48.8208) see Tables 4 and 5,
below. These findings reaffirm the roles of temperature, ozone
(Hajat et al. 1999) and carbon monoxide (Sheppard et al.
1999; Hajat et al. 1999) in exacerbating respiratory illnesses
like asthma and further show how the same can be used in
predicting future peak events.

The literature on forecasting suggests there is no single
gold standard approach to forecasting any particular event,
but rather recommends a complement of various approaches
(Armstrong 2001; Fildes 2006; Armstrong and Collopy
1992). Quantile regressions present an option for predicting

Table 3 Sensitivity and speci-

ficity estimates of the base and Estimated peak admissions Base model Reduced model

reduced quantile regression

models (QRMs) for the hold-in Hold-in Hold-out Hold-in Hold-out

and hold-out samples
True non-peak admissions 297 89 341 87
False peak admissions 152 109 108 111
False non-peak admissions 9 1 14 2
True peak admissions 28 45 23 44
Total admissions 486 244 486 244
Prevalence 0.08 0.19 0.08 0.19
Sensitivity 0.76 0.98 0.62 0.96
Specificity 0.66 0.45 0.76 0.44
Positive predictive value 0.16 0.29 0.18 0.28
Negative predictive value 0.97 0.99 0.96 0.98
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Table 4 Multivariate QRM base model for asthma daily admissions for hold-in and hold-out samples

Variables in the model Hold-in sample

Hold-out sample

Coefficient® 95 %CI Coefficient® 95 %CI
3-day lag air temperature 0.67** 0.1912 1.1567 0.06 —0.6895 0.809822
4-day lag vapour pressure —0.45 —1.1443 0.2449 —0.42 —1.14523 0.304593
6-day lag humidity 0.01 —0.1069 0.1270 0.1 —0.10335 0.310107
7-day lag ozone —48.09 —270.0370 173.8541 8.52 —524.823 541.864
3-day lag carbon monoxide 19.28 —3.7678 42.3359 —5044.17 —40,002.9 29,914.54
4-day lag Nitrogen dioxide 132.14 -72.721 337.009 145.96 —158.75 450.6755
13-day lag nitrogen oxide 265.44 -90.3737 621.2513 41.87 -351.911 435.6489
4-day lag PM,, 18.28 —-150.29 186.86 —-18.19 —361.849 325.4737
13-day lag formaldehyde —670.80 —2,000.73 659.14 -239.97 —1,587.22 1,107.273
Spring 1.00 1.00
Summer —2.84 —6.9188 1.2289 —12.64%** —19.3428 —5.94392
Autumn 9.92%%* 6.0282 13.8211 -1.75 —9.53913 6.033146
Winter 3.27 —0.2236 6.7542 —0.74 —10.6267 9.142975
The Link test: hatsq P-value 0.110 0.715

*P<0.05; **P<0.01; ***P<0.001

?For every one unit change in a predictor variable, the predicated value of asthma admissions will change by the coefficient

peak hospital admissions for asthma (Soyiri and Reidpath
2012a, b). In this study, the peak number of daily asthma
admissions was notionally defined with respect to the 90th
percentile of the distribution. But, in a more practical setting,
peak/extreme events would usually be defined by stakehold-
ers, taking into consideration operational issues, as well as
related population and demographic factors (Ebi and Schmier
2005). Nonetheless, our definition of a cut-off point allowed
us to demonstrate a procedure that could be adapted for
different conditions and situations in health forecasting.

Peak numbers of asthma daily admissions are often as-
sociated with variability in some environmental factors,
which could impact the condition at different levels or

thresholds. In this study, we identified a set of nine variables
and constituted a multivariate predictive model with these
variables (base model). However, to find a more efficient
way of predicting the asthma events, the further analysis we
conducted yielded a much more reduced predictive model
consisting of three key variables. This reduced model,
which is simpler, provides comparable and in some cases
more competitive estimates to the base model.

The use of lags in predictive modeling presents both
challenges and opportunities. Some of these challenges in-
clude the reduced sample size of the lag observations com-
pared to the original corresponding data. Others relate to the
complexity in choosing an appropriate lag for modeling.

Table 5 Multivariate QRM reduced model for Asthma daily admissions for hold-in and hold-out samples

Variables in the model Hold-in sample

Hold-out sample

Coefficient® 95 %CI Coefficient® 95 %ClI
3-day lag air temperature 0.58** 0.2342 0.9281 —0.08 —0.7984 0.6379
7-day lag ozone —420.69*** —664.6763 —176.6986 167.51 —307.5432 642.5551
3-day lag carbon monoxide 27.02%* 5.2260 48.8208 15.26 —18.0621 48.5737
Spring 1.00 1.00
Summer —4.08% —8.1006 —0.0673 —10.83%%* —18.0880 —3.5668
Autumn 7.24%%% 3.6532 10.8229 1.78 —5.2957 8.8487
Winter 1.22 —2.2223 4.6635 0.70 —8.4105 9.8118
The Link test: hatsq P-value 0.019 0.470

*P<0.05; **P<0.01; ***P<0.001

#For every one unit change in a predictor variable, the predicated value of asthma admissions will change by the coefficient
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However, the key advantage of using lagged models is that
they detect and provide early warning signals of likely
future events. For example, a 3-day lag temperature and
carbon monoxide as well as a 7-day lag ozone, is able to
predict, at least 3 days in advance, the daily asthma admis-
sions with a positive predictive value of at least 28 %.

Even though our approach to forecasting is not entirely
causal, but rather takes the form of a black box prediction
(Breiman 2001), the predictors used in the model reaffirms
the association between asthma and temperature, ozone,
carbon monoxide and the seasons. This relationship is con-
sistent with the literature discussed.

Study limitations

In this report, we acknowledge “asthma admission” itself as a
limitation. Even though the study may draw quick attention to
asthma in general, the definition of asthma admissions in our
data only referred to code J45 of ICD10 that were recorded as
primary diagnoses. This implies those admitted with co-
infections or multiple conditions including asthma, but for
which the latter was not the primary cause for admission, were
not captured. It also misses out on the closely associated J46
diagnoses data that is classified as “Status Asmaticus”.
Another limitation was that we did not adjust for age differ-
ences (e.g. between children and adults) in the model; the
manifestation of the disease is known to differ between vari-
ous age groups, but that was not the focus of this study.

The study does not place much emphasis on the plausible
association between asthma and the environmental factors
used in the predictions. This is because the wide variations
and spontaneous distributions of many environmental indi-
cators makes it difficult to arrive at a single representative
daily measure for a wide area like London. Hence the
estimates used are approximations of the real situations.

The key interest of this paper was to predict peak daily
admission of asthma, for which we notionally defined a cut-
off point of the 90th percentile. For London as a whole, the
study team had no further information that could be used to
define a more realistic and applicable cut-off point for the
condition. Since seasonality is known to have an influence on
asthma exacerbations, it may be argued that the cut-off point
should be specific for each season. Unfortunately, our meth-
odology did not account for this, but makes recommendations
for such an analysis in subsequent research. Inasmuch as the
results of this study should be interpreted with caution, sec-
tions of the procedure also need amendment before adoption.

Conclusion

Excess demand for health care services is a great challenge
to any health care service provider but the ability to forecast

peak events is a promising resource. QRMs can be used as a
multistage tool to select suitable variables for predictive
modeling of peak daily asthma admissions using environ-
mental factors. A base QRM was fitted with 3-day lag air
temperature, 4-day lag vapour pressure; 6-day lag humidity,
7-day lag ozone, 3-day lag carbon monoxide, 4-day lag
nitrogen dioxide, 13-day lag nitrogen oxide, 4-day lag
PM, and 13-day lag formaldehyde. Also, a second reduced
model consisted of 3-day lag air temperature; 7-day lag
ozone and 3-day lag carbon monoxide. Both the base and
reduced predictive QRMs were able to detect peak number
of daily asthma admissions at sensitivity levels of 76 % and
62 %; as well as specificities of 66 % and 76 % respectively.
The positive predictive values of the base and reduced
models were slightly higher for the hold-out sample (29 %
and 28 %) than for the hold-in model development sample
(16 % and 18 %). The findings also reaffirm the known
associations between asthma and temperature, ozone and
carbon monoxide levels.
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