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Preface
Food intolerance
The Allergy Unit at Royal Prince Alfred Hospital in Camperdown, Sydney (for brevity
referred to from now on as the Allergy Unit) was established in the late 1970’s. While
maintaining a strong focus on allergic disease, expertise has also developed in the
diagnosis and management of food intolerance.
The term food allergy refers to reactions that are triggered by a specific IgE mediated
immune response to a given food.1 These reactions tend to occur soon after ingestion of
the relevant food, most commonly cow’s milk, soy, eggs, peanuts, tree nuts, wheat, fish and
shellfish.2
Food intolerance, however, refers to adverse food reactions that are not triggered by the
immune system1 (though the immune system may be involved in the eventuating
symptoms) and most are thought to involve initial actions in the central nervous system
through mechanisms that are similar to those of many drugs.3
Like drug side effects, a range of symptoms can be triggered or worsened by food
intolerance, depending on individual susceptibility. Common ones, generally chronic or
recurrent in nature, include urticaria, stomach and bowel irritation (including irritable
bowel syndrome), headaches, fatigue, nausea, and anxiety and mood problems.4 My focus
in Part 1 of this project will be the related symptoms urticaria and angioedema and in Part
2 mood problems and (in a separate analysis) nausea.
Based on diagnostic elimination diets designed by others the Allergy Unit elimination diet
was developed and refined in the late 1970’s and early 1980’s

through trials with

patients4–6 and laboratory studies7 and is used by many dietitians throughout Australia. It
involves eliminating from the diet foods containing specific natural and artificial chemicals
that have been shown to trigger symptoms in people sensitive to these food components.
Examples of these chemicals include natural salicylates found in many fruits and
vegetables and artificial salicylates such as aspirin (acetylsalicylic acid); amines such as
tyramine found in cheese, chocolate and aged meat products; natural glutamate in some
fruits and vegetables and artificial glutamate in the form of MSG; artificial and some
natural food colours and various different types of food preservatives. Patients are also
advised to avoid strong smells such as perfumes and cleaning products as well as coloured
medications and paint and car fumes.8
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Patients of the Allergy Unit who undergo the elimination diet and find that their symptoms
improve (often after a ‘withdrawal’ period of a few weeks in which symptoms may even
get worse) then start open food or double blind placebo controlled capsule challenges to
see if any of these natural and/or artificial chemicals trigger their symptoms. Most
patients challenge with more than one food chemical or type of food that is particularly
high in a food chemical, however many do not challenge with all for reasons such as fear of
severe reactions after an initial bad reaction or because of the continuing heavy diet
restriction the elimination diet requires. Each subsequent challenge is taken only after
symptoms have disappeared or settled for at least 3 days.
Following identification of food chemicals and thus foods that can trigger symptoms,
patients are then told that foods not implicated can be added back into the diet. Patients
are also encouraged to gradually and carefully add back foods, at first containing moderate
amounts of implicated food components, and then foods containing high amounts, in an
attempt to increase tolerance to these chemicals.
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Part 2: Single person food intolerance reactions and
related data with a continuous outcome: analysis using
control charts and ARIMA time series methods

Introduction
In Part 2 the focus moves from group inferences that might enhance treatment selection
for future patients as covered in Part 1 to the individual patient and the decisions they
make in their own struggle to get well.
Our concern now is any outcome relating to one individual only, such as a single patient,
measured on a continuous scale (to restrict our scope) recorded regularly over time and
including measurements of possible explanatory factors. The analysis will have the sole
aim of providing advice to that person.
Such data would form a time series which is simply defined as a sequence of observations
taken sequentially in time.41 Outcomes recorded by the person could be symptoms such as
urticaria severity each day, regular asthma lung function test results, measurements of
depression severity or daily blood pressure readings. Explanatory variables would be
anything that might trigger, worsen or improve symptoms and can be easily identified and
recorded such as diet, sleep duration, drugs and doses or exposure to allergens.
Subjective outcome variables such as severity of depression would not need to be
validated as long as the measurement is recorded consistently over time so that changes
can be compared with changes in explanatory variables. Subjective explanatory variables
likewise need only be consistent.
Traditional single subject research in medicine, sometimes called an N-of-1 trial, usually
involves assessing the effect of a single intervention on an outcome variable with perhaps
a crossover design e.g. A–B–A.42 In general, when a person with a health problem tries a
new intervention, even a trial with a crossover design, only observation or occasional
measurements such as blood pressure, lung function or blood glucose, and subjective
speculation, are used to determine if it helped. The human body is very complex however
and for many health problems poorly understood. There will always be many factors,
genetic, internal and environmental, that influence the existence or severity of any
symptom or physiological measurement with no two people the same. This is highlighted
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by the non-zero placebo response to challenges in Part 1 and the existence of a placebo
response rate in any clinical trial as health problems often improve for reasons not
apparent. In fact, for the majority of health problems at least, there is some doubt that
placebos themselves have any clinically beneficial effects.43
The Allergy Unit elimination diet and challenge procedure is a type of N-of-1 trial with an
intervention, the diagnostic elimination diet, followed by successive challenges including
placebos. As suggested above, variations in diet will not be the only factor affecting
symptoms and thus it may not be obvious if the diet has improved the existence or
severity of a symptom that is chronic and varies for many reasons.
When patients of the Allergy Unit undergo an elimination diet they are required to record
their diet, symptoms and any related data in a diary to help determine if the change in diet
has been accurately followed, if symptoms have improved and if so whether successive
challenges triggered any symptoms. This data is usually only recorded for a few months,
however, there have been a number of patients over the years who have arrived at the
Allergy Unit and presented long records of their symptoms over time. People too ill to
work from symptoms that have not yielded to treatment will often have motivation to try
and identify factors that make them ill. This might also appeal to their clinicians. Hence
some potential motivation for long term detailed data recording likely exists.
Such recording of data would be rare at the moment and future demand for such data
analysis is hard to predict. However, the increasing ease with which people can record
data using devices such as desktop, laptop and tablet computers as well as mobile phones
has increased the likelihood of such detailed and long term data collection and this will be
further encouraged if that data can be analysed with the aid of statistics. Some websites
that allow people to keep a record of their symptoms are listed in Appendix D.
The data we may want to analyse could be simple with one example being a patient’s main
symptom as the outcome and the elimination diet as the only explanatory variable. Or it
could be more complex with more than one explanatory factor and over a longer period of
time as may be more common in the future for some chronically ill people.
Multiple outcome symptoms could be analysed separately so, restricting ourselves to a
continuous outcome only, if we have only one explanatory variable then one method of
analysis that could be used is control charts, also called Shewhart charts, a subset of
statistical process control (SPC) methodology. Control charts will be described below.
If there are multiple explanatory variables then control charts are no longer an option.
Two alternative methods are the use of a transition model and the development of an
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autoregressive integrated moving average (ARIMA) time series model.44 Both methods are
outlined below.
To examine the usefulness of control charts I will use my own Allergy Unit elimination diet
data and to examine the transition model and time series methods I will use data relating
to my own health collected over the past 4 years. Time series methods will also be used to
examine the elimination diet data to enable a comparison with control charts. All analyses
are considered exploratory.

Methods
Analysis with one explanatory variable using control charts
In March 1999 I started the elimination diet after an initial consultation with a doctor and
dietitian at the Allergy Unit. Like most patients at the Allergy Unit, I had more than one
symptom that I hoped would improve on the elimination diet, however perhaps by
definition, the symptom of highest concern at the time was depression.
All of my symptoms started to dramatically improve after a few weeks (a withdrawal
period) and as this improvement lasted more than a month it convinced me, my referring
psychiatrist45 and my Allergy Unit doctor and dietitian that food intolerance was likely to
be a factor in maintaining my health problems.
I then started the routine double blind capsule challenges. The first challenge produced a
dramatic increase in all of my symptoms after a few days (a delayed reaction) and because
I did not improve within a week the blind was broken and revealed to be aspirin. In view
of this severe reaction I elected to discontinue the challenge procedure but remained on
the elimination diet.
While I was able to visually judge the improvement and then worsening of my mood using
a simple chart at the time, no further method of analysis was used to assist in decision
making and this will now be attempted to help assess the usefulness of control charts.
Prior to arriving at the Allergy Unit I had developed a simple scale to measure my mood
each hour (Table 1) and it was designed to be a continuous scale.
When using control charts it is desirable to have a stable baseline before introducing the
intervention.46 Thus I have included in this analysis data from approximately 5 months
before the elimination diet was commenced as this provided the best approximation to a
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stable baseline that could be ascertained. The data then continues for another 4 months to
show the effect of the elimination diet and aspirin challenge on daily average mood scores.
Table 1. Mood scale.
Value

Description

0

feel very happy

1

feel happy

2

neutral mood

3

very mild depression

4

mild depression

5

moderate depression

6

severe depression

There are several different types of control charts with their use depending upon the type
of data. For this analysis Stata 12.0 was used to create a control chart known as an X-bar
chart (using the command xchart). This was the appropriate chart to use because each
point in the series represented an arithmetic average of a continuous scale measurement –
in this case hourly mood values for each day.
As suggested in Carey & Staker46 the mean, upper control limit (UCL) and lower control
limit (LCL) were calculated for the data up until the start of the elimination diet so that any
change in the process after then could be compared to the ‘stable’ process before the
intervention was introduced. The UCL and LCL represent 3 times the mean of the standard
errors of the daily mood measurements. This mean, UCL and LCL were then displayed in
an X-bar chart with the full series.
The pattern before the elimination diet started (approximately) represents, in the
language of control charts, ‘common cause variation’ in which the process is stable and
predictable within certain limits.46 The aim of the process is to determine if the elimination
diet resulted in ‘special cause variation’ that indicates a change or shift in the process has
occurred and will be indicated by a ‘run’ (one or more consecutive points on the same side
of the mean centre line) passing certain tests, as defined below.
Various tests have been suggested to detect the presence of a special cause in control
charts but the ones suggested in Carey & Staker46 are more relevant to a chart containing
20 to 30 data points and include using a single point falling outside a control limit and 8 or
more successive values falling on the same side of the mean centre line. However, as
encouraged by Carey & Staker,46 these tests were modified to allow for the far greater
number of points used in this analysis (254 days) to prevent the greatly increased
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probability of a type-I error if the original tests had been used. The aim is to test whether
the variation at any point in time is more than would be expected if nothing unusual has
occurred. Thus the test for a special cause would need to prove false for every point in the
‘stable’ process before the intervention we wish to assess.
Therefore, the tests that I’ve used to detect a special cause shift in the process are that at
least 8 consecutive points in a ‘run’ must fall outside a control limit and at least 20
successive points in the same run must fall on the same side of the pre-elimination diet
mean line.

Analysis with multiple explanatory variables using a transition model
and time series methods
To examine appropriate methods when we have multiple explanatory variables, the
outcome variable I will use is nausea, which I experience most days at varying times
though usually it is quite mild. I have chosen this variable rather than depression as my
mood has been relatively good and stable in recent years. Because nausea significantly
affects my quality of life, identifying factors associated with increased nausea that I can
modify is highly desirable. My history suggests food intolerance is likely to be a factor.
Since April 2006, I have recorded a value for nausea for each hour that I have been awake
on each day, along with values for other variables of interest including diet, other
symptoms and factors such as nightly sleep duration. The hourly scale I have used is listed
in Table 2 and was designed by myself to act as a continuous scale. I believe I have been
consistent in recording my state of unwellness/nausea.
Table 2. Nausea scale.
Value

Description

0

feel well

1

feel slightly unwell

2

feel mildly unwell

3

very mild nausea

4

mild nausea

5

moderate nausea

6

severe nausea

Sometimes an increase in nausea was recorded in the same hour as a possible explanatory
factor such as a particular food, however, whether the suspected trigger occurred before
or after the increase in nausea during that hour was not recorded. Thus causality cannot
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be inferred in these cases. For this reason, and also because all explanatory variables were
compiled for the analysis as daily values or daily totals, a weighted average summary
value for nausea was calculated for each day.
Using a simple arithmetic average nausea value for the daily summary value is not ideal
however because, for example, a 3 hour period with the values (2, 2, 5) would have an
average of 3, but I would consider this period worse in terms of quality of life than if the
measures were (3, 3, 3) which would also have an average of 3.
Various simple (e.g. the daily maximum, arithmetic and geometric means) and more
complicated custom formulas calculating the weighted average value of nausea per day
were compared over many days with the formula that most accurately seemed to reflect
my quality of life in terms of this symptom chosen. This formula weighted the average so
that a higher hourly value increased the daily average by more than the value would have
in an arithmetic average.
‘Nausea daily weighted average’ = natural logarithm of (average per day of (exponential
of (hourly nausea value)))
In algebraic notation this is
∑𝑛𝑖=1 exp(ℎ𝑖 )
𝑦𝑡 = log(
)
𝑛
where
𝑦𝑡 is the daily weighted average nausea value for day t;
ℎ𝑖 are the hourly nausea values;
n is the number of hours with hourly nausea values on day t.
Note that the geometric mean reduces the influence of high values on the calculated
average value (compared to the arithmetic mean) whereas I wanted to increase the
influence of high values on the resulting average number.
Note also that each ‘day’ was calculated as the hours awake from 4am to 3am the next day
so that a day was most likely to include all the hours between sleep periods (as I did not
wake up before 4am or go to sleep after 3am). And although about 5 years and 9 months’
worth of data is available I decided that the past 4 years (1 January 2008 to 31 December
2011) would be used as my health and diet have been more stable during that time than in
the prior 1 year and 9 months.
The variables that were included in the analysis are listed in Table 3 and except for the
date and outcome variable were all considered plausible explanatory factors in increasing
or decreasing the chance of feeling nauseous over the following few days.
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Prior to the analysis a number of methods were examined that calculated the total amount
of dietary amines consumed daily. None seemed to reflect the suspected amine content of
the different foods and meals however so the variable was not included. Sodium was also
dropped after preliminary analyses suggested strong collinearity with some of the other
variables such as the chicken and rice meal, resulting in distorted initial regression results.
The remaining variables were calculated with a scale that seemed to best represent their
possible influence on the outcome.
Table 3. Daily variables included in the analysis.
Variable

Data type

Description

date

date

date from 1/1/2008 to 31/12/2011

nausea (outcome)

decimal

daily weighted average using scale described above

sleep

decimal

hours of sleep overnight (half hourly units e.g. 8.5)

fat

integer

total fat consumed (grams)

alcohol

decimal

total Australian standard drinks consumed per day

caffeine

integer

total caffeine consumed (milligrams)

physical activity

integer

total non-sedentary physical activity (minutes)

chocolate

integer

total chocolate and high chocolate foods (kilojoules)

basic white bread

integer

total white bread with no preservatives (kilojoules)

chicken and rice
meal

binary

whether a microwaved chicken, white rice, margarine
and salt meal (very low in food intolerance chemicals)
was consumed for the evening meal (0 or 1)

plain wheat crackers

integer

total plain wheat crackers consumed (kilojoules)

Asian style meal

binary

whether an Asian style meal was consumed (0 or 1)

vegetables

integer

total fibre and sugar content of vegetables (grams)

fruit

integer

total fibre and sugar content of fruit (grams)

refined sugars

integer

total sugar content of high refined sugar foods (grams)

One potential pitfall in analysing this data is that it is very plausible that I am more likely
to consume foods containing suspected triggers like caffeine when I am feeling healthy
than when I am not feeling healthy. If, for example, consuming caffeine does make it more
likely that I experience nausea later in the day as well as the next day, then an average
nausea value might be lower on the day when initially consuming excess caffeine (because
of low nausea up until the excess caffeine) and higher when avoided the next day. An
analysis comparing caffeine levels and nausea values on the same day would then suggest
that caffeine was associated with lower nausea rather than the opposite. For this reason,
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values of explanatory variables used were lag 1 (difference in time of 1 day) or greater, so
that, for a given daily nausea value, the explanatory variables are from prior days only.
Another possibility is that some or all of the explanatory variables may exert influence on
the outcome after more than one day. This has been observed clinically at the Allergy Unit
and is akin to delayed pharmacological reactions or the effects of pharmacological
reactions that last for more than one day. This supports using covariate values of lag 2, lag
3 or greater as well as lag 1.
It is also possible that some factors may exert threshold or compound effects where an
influence on nausea is only noticed if a change in the covariate (e.g. less sleep than usual)
has occurred over a number of days in a row rather than just one.
But using too many variables can also create problems of excessive complexity and
potential overfitting so, after a great deal of experimentation, it was decided that all
explanatory variables would be set as lag 1 to test for next day effects and also as a lag 1 +
lag 2 + lag 3 combined value to test for delayed as well as threshold or compound effects.
The first method of analysis used was a Markov transition linear regression model. The
motivation for using linear regression on a single subject came from reading Applied
Longitudinal Analysis by Fitzmaurice, Laird and Ware31, in particular the phrase referring
to how an individual's mean response changes over time: “in principle (and given a
sufficient number of repeated measures on each individual), it should be possible to
estimate βi (and σ2) using data from only the ith individual.” This of course only applies to
within-individual or time-varying covariates.
A Markov chain of order m is a sequence of random variables Y1, Y2, Y3 … Yn, such as a
time series, with the property that the future state Yt depends only on the past m states Yt1,

Yt-2, … Yt-m. A Markov transition linear regression model of order m is a linear regression

model in which each observation Yt is a function of both m past observations as well as
explanatory covariates and so, in effect, we are modelling the transition from the prior m
states to the present state.38 The past outcomes are treated as additional explanatory
variables and this provides another way (along with GEE and mixed models) to account
for the correlation between successive outcome values in a regression analysis.
The model used here is similar to the one used by Rosner et. al.47 though without the time
invariant covariates as this analysis applies to only one subject:
𝑚

𝑛

𝑝

𝑦𝑡 = α + ∑ 𝛽𝑖 𝑦𝑡−𝑖 + ∑ 𝛾𝑗 𝑥𝑗𝑡−1 + ∑ 𝛿𝑘 (𝑥𝑘𝑡−1 + 𝑥𝑘𝑡−2 + 𝑥𝑘𝑡−3 ) + 𝑒𝑡
𝑖=1

𝑗=1

𝑘=1
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where
𝑦𝑡 is the daily weighted average nausea value for day t;
𝑦𝑡−𝑖 are the past m daily weighted average nausea values so that, for example,
𝑦𝑡−1 , 𝑦𝑡−2 …𝑦𝑡−𝑚 are the daily weighted average nausea values for 1 day before day t, 2
days before t and m days before t;
𝑥𝑗𝑡−1 is the jth lag 1 explanatory variable from 1 day before day t;
(𝑥𝑘𝑡−1 + 𝑥𝑘𝑡−2 + 𝑥𝑘𝑡−3 ) is the kth combined lag 1 + lag 2 + lag 3 explanatory variable from
1, 2 and 3 days before day t;
α, 𝛽𝑖 , 𝛾𝑗 and 𝛿𝑘 are the coefficients to be estimated and
𝑒𝑖 ~𝑁(0, 𝜎 2 ) are the residuals and are independent (i.e. uncorrelated).
The use of this method was then suspended, however, while time series methods were
learned and experimented with. As time series methods now appear superior the results
from a transition model will be reported only in comparison to the final time series model.

ARIMA time series methods
Time series methods are used to account for features typically found in time series data.
Examples of such data include daily stock market prices, hourly air temperature
measurements and the number of influenza cases admitted to a hospital each week over a
year. The most obvious feature that makes standard linear regression methods
inappropriate (unless lag terms are included in a transition model) is correlation between
successive outcome values, often referred to as autocorrelation, resulting in nonindependence of residual errors (as they are then serially correlated).48 If we fit a time
series model to the data that successfully accounts for the autocorrelation then the
residual time series will approximate a white noise time series in which the variables are
independent and identically distributed with a mean of zero.49
A second feature sometimes seen in time series data though not expected in this series is
seasonal or cyclical variation.49 This was assessed visually from a graph of the series.
A final feature commonly seen is a trend, where the mean of the outcome moves gradually
higher or lower over time. However, to properly measure the autocorrelation and thus the
dependence of the outcome on prior outcome values (as well as explanatory variables), it
is important that the mean and autocovariance of the outcome satisfy the conditions of
stationarity, whereby the mean is constant over time and the autocovariance depends only
on the difference in time (lag) between each outcome value.48
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To account for the time series features found in this data series an autoregressive
integrated moving average (ARIMA) regression model of order (p, d, q) was developed.
The parameters p and q refer to the autoregressive order and moving average order,
respectively. The autoregressive and moving average terms in the model are used to
adjust for the autocorrelation in the outcome values and using both terms can often result
in better fitting models.41
If a trend exists in the outcome over time then adjacent terms of a series can be
differenced to transform the non-stationary series into a stationary one.49 The parameter d
is usually set to 1 in this case41 resulting in first-order differences being used as outcome
values when fitting the model.
If the series is already stationary (i.e. no trend exists) then we set d = 0 and the model is
called an autoregressive moving average (ARMA) model. If then q = 0, the model is called
an autoregressive model of order p, AR (p), and when p = 0, the model is called a moving
average model of order q, MA(q).48
The partial autocorrelation at lag k is the correlation that results after removing the
influence of any correlations at shorter lags and assessing the partial autocorrelations of
the outcome variable at different lags is useful in choosing possible values of the
autoregressive (AR) order of the ARIMA model. For example, if an underlying process is
AR(1), then a partial correlogram will usually show that only the first lag autocorrelation
is significantly different from zero.49
The best fitting ARIMA(p, d, q) model can be determined by trying a range of combinations
of p, d and q and choosing the model with the smallest Akaike Information Criterion (AIC)
value.49 In practice, an adequate model of a stationary time series can often be obtained
with autoregressive, moving average, or both, terms in which p and q are not greater than
2 and often less than 2.41
The first step in this analysis was to check for any evidence of a trend or seasonal/cyclical
variation by graphing the series and overlaying this with a 15 day moving average
smoother. This would also highlight any increasing (or decreasing) variance over time. A
Lowess smoother of the series was also produced.
A partial correlogram was then created to suggest possible values for the autocorrelation
order of the ARIMA model. A range of combinations of p, d and q were subsequently tried
using only the outcome nausea in an ARIMA model with no explanatory covariates (other
than AR and MA terms) and these were compared using the AIC value. The values for the
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parameters p, d and q corresponding to the lowest AIC value were then used as the initial
values for the parameters in the full model.
An initial full model containing all the lag 1 variables was then fitted using Stata 12.0. This
was reduced one variable at a time using a 0.2 Wald test P-value cutoff. The same process
was then carried out with the combined lag 1+2+3 variables in a separate model. The
variables in each reduced model were then combined to produce the final model and
reduced if necessary with an approximate 0.1 P-value cutoff. This process was also carried
out for each of the four years separately so that these results could be compared with the
model produced for all years combined.
Three goodness-of-fit tests were used to check the residuals of the final fitted model with
the first being the Portmanteau test for white noise. This tests if the residuals approximate
a white noise time series.41 The augmented Dickey-Fuller unit root test was performed
next where the alternative hypothesis is that the residuals were generated by a stationary
process, the desired aim.49 Thirdly, a correlogram was constructed using the residuals to
test if any autocorrelation remains.49

Results
Analysis with one explanatory variable using control charts
Displayed in Figure 1 is the control chart with data ranging from 25 Oct 1998 to 5 July
1999. Clearly designated with a red line is the date the elimination diet was started (8
March 1999) and the date the aspirin challenge was taken (24 May). Each dot in the blue
line is the arithmetic average of the hourly mood values for that day. The pre-elimination
diet mean (25/10/1998 to 8/3/1999) was calculated as 3.00 with the lower control limit
(LCL) equal to 2.61 and the upper control limit (UCL) equal to 3.38.
As a brief comparison with other possible date ranges, if the pre-elimination diet date
range had started from 1/1/1999, the mean, LCL and UCL would have been 2.94, 2.59 and
3.29 respectively. If the pre-elimination diet date range had been from all of March 1999
only, which appears relatively stable, and includes the ‘withdrawal’ period, then these
values would have been 2.84, 2.47 and 3.21. Using the available data would seem the most
appropriate however so the longer period is shown in Figure 1.
Beginning in late March and for most of April and May, there is a run of 60 days below the
pre-elimination diet mean centre line and of these days, there is one run of 8 days and one
of 38 days that fall below the LCL. This easily passes the two tests we have used to suggest

Severe

Mild

1998

Nov

Dec

1999

Jan

Mar

Daily averages

Feb

Apr

started elimination diet

May

Figure 1. Control chart assessing the response of my mood symptoms to the elimination diet and first capsule challenge.
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special cause variation and provides strong evidence that a special cause has produced a
shift in the underlying process. The special cause variation appears after the elimination
diet has commenced and only ends following the aspirin challenge when the process
appears to revert to its former state.

Analysis with multiple explanatory variables using time series methods
The nausea data series consists of 1461 rows (representing days) from 1 Jan 2008 to 31
Dec 2011 with no missing values and is described in Table 4.
Table 4. Descriptive statistics of variables used in the time series models.
Mean (SD)
(Min, Max)

Median Days>0
(max.
1461)†

2008
Mean †
(days>0)

2009
Mean †
(days>0)

2010
Mean †
(days>0)

2011
Mean †
(days>0)

0.90 (0.62)
(0, 4.0)

0.8

1419

1.09
(365)

0.99
(365)

0.75
(345)

0.79
(344)

sleep (hours)

8.18 (0.96)
(4.5, 12.0)

8.0

1461

8.06
(366)

8.33
(365)

8.20
(365)

8.11
(365)

fat (g)

67 (20)
(27, 151)

63

1461

66
(366)

59
(365)

64
(365)

78
(365)

alcohol
(std. drinks)

2.0 (2.8)
(0, 22.7)

0

704

2.0
(154)

2.3
(161)

2.6
(297)

1.2
(92)

caffeine (mg)

111 (63)
(0, 390)

106

1298

85
(260)

121
(346)

96
(334)

143
(358)

physical activity
(minutes)

43 (53)
(0, 430)

22

1281

37
(331)

38
(324)

47
(307)

51
(319)

chocolate (kJ)

102 (410)
(0, 4740)

0

140

51
(18)

4
(1)

22
(21)

332
(100)

basic white
bread (kJ)

3320 (1959)
(0, 9132)

2863

1448

3130
(359)

3261
(363)

3835
(361)

3054
(365)

(261)

(222)

(150)

(93)

1918
(231)

2176
(226)

1563
(202)

909
(190)

(14)

(9)

(2)

(16)

nausea
(weighted av.)
Lag 1 variables

chicken and rice
meal (binary)
plain wheat
crackers (kJ)

726
1642 (1715)
(0, 6552)

1092

Asian style
meal (binary)

849
41

vegetables
11 (17)
(fibre+sugars)(g) (0, 125)

0

717

9
(141)

5
(63)

16
(230)

14
(283)

fruit (fibre+
sugars)(g)

9 (15)
(0, 99)

0

504

20
(242)

10
(151)

1
(18)

6
(93)

refined sugars
(g)

16 (14)
(0, 119)

15

1375

13
(330)

11
(347)

14
(338)

27
(360)

† Days>0 refers to the number of days that the variable was not zero in value.
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Table 4 Continued. Descriptive statistics of variables used in the time series models.
Mean (SD)
(Min, Max)

Median

Days>0
(max.
1458)

2008
Mean
(days>0)

2009
Mean
(days>0)

2010
Mean
(days>0)

2011
Mean
(days>0)

Combined over 3 days:
lag 1 + lag 2 + lag 3
sleep (hours)

24.5 (1.6)
(19.5, 29.5)

24.5

1458

24.2
(364)

25.0
(365)

24.6
(365)

24.3
(365)

fat (g)

200 (43)
(116, 398)

193

1458

197
(363)

178
(365)

190
(365)

235
(365)

alcohol
(std. drinks)

6.1 (5.7)
(0, 26.6)

5.2

1031

5.8
(257)

7.0
(272)

8.0
(351)

3.7
(151)

caffeine (mg)

334 (157)
(0, 900)

318

1369

256
(275)

363
(365)

288
(364)

427
(365)

physical activity
(minutes)

129 (103)
(0, 870)

95

1448

111
(362)

111
(364)

143
(361)

152
(361)

chocolate (kJ)

307 (1037)
(0, 9271)

0

223

155
(44)

13
(3)

65
(34)

994
(142)

basic white
bread (kJ)

9956 (3851)
(1238, 21487)

9434

1458

9384
(363)

9764
(365)

11493
(365)

9181
(365)

chicken and
rice meal

1.5 (1.0)
(0, 3)

1

1189

2.1
(353)

1.8
(340)

1.2
(272)

0.8
(224)

plain wheat
crackers (kJ)

4933 (3436)
(0, 17472)

4368

1334

5776
(337)

6536
(346)

4674
(324)

2752
(327)

Asian style meal

0.08 (0.28)
(0, 2)

0

121

0.12
(40)

0.07
(27)

0.02
(6)

0.13
(48)

vegetables
(fibre+sugars)(g)

33 (33)
(0, 212)

27

1068

27
(249)

16
(137)

50
(321)

41
(361)

fruit (fibre+
sugars)(g)

27 (37)
(0, 197)

0

718

60
(314)

29
(201)

2
(47)

17
(156)

refined sugars (g)

49 (33)
(0, 212)

38

1448

41
(354)

33
(365)

43
(364)

81
(365)

The full data series is displayed in Figure 2 and shows the daily summary measure of
nausea over 4 years as a blue dotted line and a 15 day moving average smoother line in
red. No obvious trend, seasonal or cyclical features are evident and there appears to be
reasonably constant variance of the outcome.
On the other hand the Lowess smoother displayed in Figure 3 suggests a slight trend
downward though with a small rise at the end. This suggests the ARIMA model might
benefit from setting the differencing parameter d = 1.
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Figure 2. Full data series showing the outcome nausea with a 15 day moving average line.
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Figure 3. Lowess smoother line in red overlaying the full data series.
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Figure 4. A graph of the partial autocorrelations between outcome values with a 95%
confidence band shown as the grey area.
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The partial autocorrelations shown in Figure 4 suggested an AR(1) or AR(2) model, that is,
setting the parameter p = 1 or p = 2. An ARIMA model with only the outcome nausea was
then fitted using a range of combinations of p, d and q and compared using the AIC value.
The lowest AIC value suggested an ARIMA(1, 1, 1) model as the best fitting when no
explanatory covariates were included.
Two ARIMA(1, 1, 1) models with all the explanatory variables included were then fitted
and reduced as described in the Methods and combined to produce a final model. This
model was again fitted using a range of combinations of p, d and q but the best fitting
remained an ARIMA(1, 1, 1) model.
Table 5 shows the regression coefficients from fitting the final model. A more detailed list
of the ARIMA model estimates and the final models developed when the data was
restricted to each year separately is displayed in Table 6.
Table 5. Regression coefficients from the final ARIMA(1, 1, 1) model.
Variables
(differenced variable* at time t)

Lag

nausea (∆𝑦𝑡 )

Units/equations

Regression coefficient

see Table 2

sleep (∆𝑠𝑙𝑝3𝑡−1 )

1+2+3

hours over 3 days

−0.028

fat (∆𝑓𝑎𝑡1𝑡−1 )

1

grams in food

0.0014

alcohol (∆𝑎𝑙𝑐1𝑡−1 )

1

standard drinks

caffeine (∆𝑐𝑎𝑓1𝑡−1 )

1

milligrams

chocolate (∆𝑐ℎ𝑜𝑐3𝑡−1 )

1+2+3

kilojoules

chicken and rice meal (∆𝑟𝑖𝑐𝑒3𝑡−1 )

1+2+3

additive binary

−0.051

fruit (∆𝑓𝑟𝑡1𝑡−1 )

1

grams of fibre and sugar

0.0024

0.050
0.0014
0.000034

−0.00021

constant
𝜖𝑡 ~𝑖. 𝑖. 𝑑. 𝑁(0, 𝜎 2 )

white noise random error (𝜖𝑡 )
standard deviation of
white noise error (𝜎)

0.57

first order autocorrelation (𝜇𝑡−1)

1

𝜇𝑡−1 = ∆𝑦𝑡−1 − ∆X𝑡−1 𝜷

first order moving average (𝜖𝑡−1 )

1

𝜖𝑡−1 = ∆𝑦𝑡−1 − ∆𝑦̂𝑡−1

* Note that for any covariate 𝑋𝑡 the differenced variable ∆𝑋𝑡 is
∆𝑋𝑡 = 𝑋𝑡 − 𝑋𝑡−1 and∆𝑋𝑡−1 = 𝑋𝑡−1 − 𝑋𝑡−2

0.13
−0.96

Note: 0.000 means < 0.001

Explanatory variables
sleep
sleep
fat (x10-3)
fat (x10-3)
alcohol
alcohol
caffeine (x10-3)
caffeine (x10-3)
physical activity (x10-4)
physical activity (x10-4)
chocolate (x10-5)
chocolate (x10-5)
basic white bread (x10-5)
basic white bread (x10-5)
chicken and rice meal
chicken and rice meal
plain wheat crackers (x10-6)
plain wheat crackers (x10-6)
Asian style meal
Asian style meal
vegetables (x10-4)
vegetables (x10-4)
fruit (x10-3)
fruit (x10-3)
refined sugars (x10-4)
refined sugars (x10-4)

Lag
1
1+2+3
1
1+2+3
1
1+2+3
1
1+2+3
1
1+2+3
1
1+2+3
1
1+2+3
1
1+2+3
1
1+2+3
1
1+2+3
1
1+2+3
1
1+2+3
1
1+2+3

Initial Models
Coef.
P-value
-0.030
0.041
-0.035
0.001
2.0
0.046
0.59
0.351
0.052
0.000
0.025
0.000
1.4
0.000
0.87
0.000
-0.13
0.964
1.9
0.270
0.31
0.949
2.4
0.286
-0.52
0.688
-1.3
0.078
-0.0075 0.845
-0.049
0.041
0.27
0.986
-10.6
0.236
0.018
0.838
0.0023 0.967
-6.0
0.536
-0.15
0.982
2.4
0.079
-0.49
0.527
-6.8
0.644
-5.6
0.504
0.009
0.107
0.000
0.000

0.104

0.020

0.077

-0.028
1.4
0.050
1.4

3.4

-0.051

2.4

(-0.26, 5.1)

(-0.093, -0.008)

(-0.7, 7.6)

(0.7, 2.1)

(0.041, 0.058)

(-0.048, -0.007)
(-0.3, 3.2)

Final ARIMA(1,1,1) Model
Coef.
P-value 95% CI

41

8.5
-3.9

0.019

0.022

0.041
0.049

0.004

5.8

-0.082

2.1

0.052

0.023

0.013

0.000

0.000

61

0.026

0.068

0.000

-0.098

-1.9

1.8

0.059

0.066

0.081

0.001

0.000

2008 Only
2009 Only
2010 Only
2011 Only
Coef.
P-value Coef.
P-value Coef.
P-value Coef.
P-value
-0.081 0.017
-0.075 0.000

Table 6. Results from fitting the initial and final ARIMA(1,1,1) models including results when the data was restricted to each year separately.
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The fitted regression equation is therefore
E(∆𝑦𝑡 ) = −0.00021 − 0.028∆𝑠𝑙𝑝3𝑡−1 + 0.0014∆𝑓𝑎𝑡1𝑡−1 + 0.05∆𝑎𝑙𝑐1𝑡−1
+ 0.0014∆𝑐𝑎𝑓1𝑡−1 + 0.000034∆𝑐ℎ𝑜𝑐3𝑡−1 − 0.051∆𝑟𝑖𝑐𝑒3𝑡−1
+ 0.0024∆𝑓𝑟𝑡1𝑡−1 + 0.13𝜇𝑡−1 − 0.96𝜖𝑡−1
This becomes
E(∆𝑦𝑡 ) = −0.00021 − 0.028∆𝑠𝑙𝑝3𝑡−1 + 0.0014∆𝑓𝑎𝑡1𝑡−1 + 0.05∆𝑎𝑙𝑐1𝑡−1
+ 0.0014∆𝑐𝑎𝑓1𝑡−1 + 0.000034∆𝑐ℎ𝑜𝑐3𝑡−1 − 0.051∆𝑟𝑖𝑐𝑒3𝑡−1
+ 0.0024∆𝑓𝑟𝑡1𝑡−1
∆𝑦𝑡 === +0.13[∆𝑦𝑡−1 − 0.00021 − 0.028∆𝑠𝑙𝑝3𝑡−2 + 0.0014∆𝑓𝑎𝑡1𝑡−2 + 0.05∆𝑎𝑙𝑐1𝑡−2
+ 0.0014∆𝑐𝑎𝑓1𝑡−2 + 0.000034∆𝑐ℎ𝑜𝑐3𝑡−2 − 0.051∆𝑟𝑖𝑐𝑒3𝑡−2
+ 0.0024∆𝑓𝑟𝑡1𝑡−2 ] − 0.96𝜖𝑡−1
Using this equation, some examples were calculated (Table 7) to show the predicted
effects on the next day’s average nausea value from changes in the final model covariates.
Table 7. Examples of some predicted effects on the weighted average nausea value resulting
from changes in the final model covariates.
Variables

Lag

Change in variable

Change in nausea
value the next day

sleep

1+2+3

1.5 hours less sleep each night over 3
nights (e.g. 6.5 hours each night instead
of my long term average 8)

−0.028 × −4.5 = 0.13

fat

1

extra 80 grams of fat eaten the day before
(e.g. 2 Hungry Jacks Whopper burgers)

alcohol

1

extra 8 standard drinks the day before
(e.g. 6 pack of beer)

caffeine

1

extra 200 milligrams of caffeine in a day
(e.g. 2 cups of filtered coffee)

chocolate

1+2+3

extra 100g of milk chocolate each day
over the last 3 days (7020 kJs)

chicken and
rice meal

1+2+3

eaten each night over the last 3 days

fruit

1

extra 2 apples the day before (40 grams
of fibre and sugar)

0.0014 × 80 = 0.11
0.050 × 8 = 0.40
0.0014 × 200 = 0.28
0.000034 × 7020 = 0.24
−0.051 × 3 = −0.15
0.0024 × 40 = 0.10

Figure 5 shows the predicted nausea values from the final model with each year displayed
separately to enable more detail to be viewed. These show that while the predicted lines
follow the general pattern there are clearly many explanatory factors not present in the
final model.
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Figure 5. Predicted values from the final ARIMA model in blue with the full data series in
grey for each year.
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Three goodness-of-fit tests were used to confirm that the residuals from the final fitted
model exhibited the expected properties of a well-fitting time series model.
The Portmanteau test for white noise produced a Q statistic of 43.9, which when compared
to a 𝜒 2 (40) distribution gave P = 0.311. This suggests the residuals approximate a white
noise series.41
The augmented Dickey-Fuller unit root test was next with P < 0.0001. This supports the
alternative hypothesis that the residuals were generated by a stationary process.49
Thirdly, a correlogram was constructed using the residuals to test if any autocorrelation
remains.49 Testing lags 1, 2 and 3 produced P-values of 0.94, 0.82 and 0.91, strongly
suggesting the autocorrelation of the residual series is not different from zero.
These three goodness-of-fit tests have therefore been satisfied and show that the residuals
approximate a stationary white noise series with no autocorrelation, as desired.

Comparison with a transition model
Table 8 shows the Wald test P-values from a fitted transition model using terms for nausea
lags 1 to 4 and the covariates from the final ARIMA model above (but the transition model
did not include the AR and MA terms and the outcome was not differenced). The number
of lag terms was determined by fitting a linear regression model with a term for lag 1 only,
then adding lag 2, then lag 3 etc. until a lag term returned a Wald test P-value greater than
0.05. The lag 5 term returned P = 0.071 when it was added to the model while the other
terms all returned P-values ≤ 0.05.
Also displayed in Table 8 are the P-values from the fitted ARIMA(1, 1, 1) model for
comparison. Because the coefficient estimates for the ARIMA model are differenced, the
estimates are not shown as they cannot easily be compared with the results for the
transition model which were calculated with the outcome not differenced.
While the P-value for the fruit variable is a little lower for the transition model compared
to the ARIMA model, the P-value for fat, chocolate and the chicken and rice meal is
noticeably larger. This may be because time series methods produce more efficient
estimates in the presence of correlated data than ordinary least squares methods,50 even
though lag terms for nausea were included in the transition model.
In Table 9 we compare the goodness-of-fit test results for the transition and ARIMA
models. The transition model clearly fails the Portmanteau test for white noise suggesting
that not all of the autocorrelation of the outcome has been adequately accounted for. The
ARIMA model returned only a slightly better result for the Dickey-Fuller test for a unit root
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however. This suggests the series was already mostly stationary because the transition
model did not adjust for any trend. Finally, the correlogram results suggest slightly more
autocorrelation might exist in the residuals from the fitted transition model than in the
residuals from the ARIMA model which supports the Portmanteau test for white noise
result.
Table 8. Wald test P-values from fitted transition and ARIMA(1, 1, 1) models.
Transition model
P-value

ARIMA(1,1,1) model
P-value

Variables

Lag

nausea lag 1

1

0.000

nausea lag 2

2

0.001

nausea lag 3

3

0.061

nausea lag 4

4

0.044

sleep

1+2+3

0.005

0.009

fat

1

0.195

0.107

alcohol

1

0.000

0.000

caffeine

1

0.000

0.000

chocolate

1+2+3

0.737

0.104

chicken and rice meal

1+2+3

0.291

0.020

fruit

1

0.000

0.077

Note: 0.000 means < 0.001

Table 9. Comparison of goodness-of-fit tests for the residuals from the fitted transition and
ARIMA(1, 1, 1) models.
Test statistic

Transition model

ARIMA(1,1,1) model

Portmanteau test for white noise
Q statistic

81.7

43.9

Probability > 𝜒 2 (40)

0.0001

0.311

Test statistic

−38.6

−38.2

P-value

< 0.001

< 0.0001

Lag 1 P value

0.636

0.938

Lag 2 P value

0.708

0.816

Lag 3 P value

0.704

0.905

Dickey-Fuller test for a unit root

Correlogram test for autocorrelation
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Control chart data analysed with the ARIMA method
The elimination diet data that was analysed using a control chart was next analysed using
the same time series methods as described above.
Using a model with the weighted average daily mood as the outcome and the elimination
diet as a binary explanatory variable with the ‘response’ period (the days after the 3 week
withdrawal and before the aspirin challenge) having the value 1 and all other days having
a value of 0, the best fit was found with an ARIMA(2, 0, 2) model, also called an ARMA(2, 2)
model. Similar to the finding using a control chart, the elimination diet was associated with
a significant difference in mood (P < 0.001) compared to all the other days. The regression
coefficient of the elimination diet variable was −0.62 (95%CI −0.79 to −0.46) suggesting
that the introduction of the elimination diet led to a drop in the average depression score
of 0.62.
The mean daily mood score for the ‘response’ period (29 March to 23 May 1999) was 2.38
while the mean daily mood score for all the other days in the data series (25 Oct 1998 to
28 Mar 1999 and 24 May to 5 Jul 1999) was 2.97. The difference between these means is
therefore 0.59 which is very close to the regression coefficient.
The three goodness-of-fit tests used above for the nausea ARIMA model were also satisfied
for this model showing that the residuals approximated a stationary white noise series
with no autocorrelation.

Discussion
For people with chronic or recurring health problems, symptoms will vary for many, often
unknown, reasons and deciding if an intervention has helped over the long run is not
always easy.
Here, we have successfully used control chart methodology to support the conclusion that
an elimination diet has improved the primary symptom of a patient (in this case myself).
We have also used time series methods to analyse multiple factors that were suspected of
contributing to the occurrence and severity of one person’s (again myself) particular
recurring symptom. Those factors most supported by the data can now be focused on by
the person to improve their health and wellbeing, including dietary fat intake which was
not previously suspected by the person, while those not supported by the data can be, at
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least while more data is collected, disregarded as potential factors. Genuinely helpful
advice has thus been provided to the individual person.
Using data from my own Allergy Unit elimination diet experience, a control chart and its
associated methodology was found to be easy and useful in analysing the influence an
intervention had on an outcome.
Similar results were also found using an autoregressive moving average (ARMA) time
series model to analyse this elimination diet data. The amount of data an average patient
of the Allergy Unit might collect when doing the elimination diet, however, may not be
enough for time series methods to be useful. This is something we plan to assess further.
Complex data with multiple explanatory variables cannot be analysed using control charts
and a Markov transition linear regression model was initially developed instead. However
an autoregressive integrated moving average (ARIMA) time series model was found to
provide more valid estimates by better accounting for the autocorrelation of the outcome
variable.
Using an ARIMA(1, 1, 1) regression model a variety of plausible suspected factors,
including foods to assess the possible influence of food intolerance, were assessed to
determine their possible contribution to a particular symptom, nausea, in one person
(myself). The results suggested 5 out of the 13 factors increased the occurrence and
severity of this symptom, while 2 of the 13 factors were found to reduce the occurrence
and severity. The results therefore allowed 6 factors to be eliminated from the list of
suspected contributing or protective factors. This has provided very useful information to
the person (myself) on how to minimise a commonly occurring and unpleasant symptom.
With such complex data there were many limitations to this time series analysis. The exact
biological nature of the effect of these factors on the outcome is likely to be very complex
and would probably not be linear (e.g. overnight sleep duration). Non-linearity of the
explanatory variables was not assessed however in order to limit the complexity of the
analysis and because it seemed unlikely such non-linearity could easily be identified.
Identifying suitable lag terms was given priority as this was deemed more important to a
potential model.
The predicted values from the final model in Figure 5, by only loosely following the actual
nausea values, strongly suggest that many explanatory factors are not present in the final
model. Some of these possible factors may not be quantifiable at present, however, such as
the varying influence of unidentified viruses and bacteria.
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From Table 6 we also note that when the data was restricted to each year separately, the
final models were not identical, with some factors not always present (e.g. fruit) and other
variables, such as basic white bread (protective) and vegetables (contributing), appearing
in the final models from one or two individual years only. This highlights the usefulness of
extra data and also the caveat that more data might prove current predictions false.
It is uncertain what role parsimony should play in this type of analysis. Each individual
factor identified as influential may have only a minor impact on a symptom, but taken
together these factors, when avoided or utilised, may have a major impact and lead to a
sustained improvement in health and wellbeing. Nevertheless, it is also helpful to
eliminate factors from the suspected list that are not supported by the data as this might
then enhance the person’s quality of life, for example, by allowing back into the diet foods
that a person no longer feels the need to avoid.
Also, because the results of this analysis are only relevant to a single person, they can
always be treated as exploratory with the expectation that the findings will help the
person make decisions, and that further data in the future might help refine
recommendations after further analysis. Thus parsimony may not be as important as it is
in analyses that aim to make broad recommendations to a wider population.
Another limitation to the usefulness of the techniques examined here is that we only
analysed data with a continuous outcome. If the outcome were binary or ordinal then
different or modified methods would need to be used.
One alternative method that might prove useful is multivariate time series analysis in
which we compare the relationships between several time series.41 For example, using this
dataset we could compare the nausea series with the hours of overnight sleep series as
both have daily values recorded on a continuous scale.
Control charts could potentially be used in the near future to analyse the elimination diet
data of selected Allergy Unit patients. However, to analyse a patient’s response to the diet
we would first need to record baseline measurements of the symptom of most concern to
the patient. This will only be possible if the patient has regularly recorded their symptom
occurrence or severity for a while before the initial consultation with the doctor, or the
patient delays initiating the elimination diet for a while after first seeing the dietitian so
that more pre-diet data can be collected. Both are currently possible but nevertheless
uncommon scenarios.
In the future, this may be more feasible with online recording of symptoms and diet from
the time a patient makes an appointment to the time the patient first sees the doctor and
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dietitian. Also, as a patient does the elimination diet, graphical displays of their symptom
data with perhaps simple statistics, might help motivate patients to continue with their
diet and challenge protocol, as the ability of patients to track the progress of their health
problem using a graphical display has been shown to improve intervention compliance.46
Lack of adherence to the strict elimination diet by patients is a significant complication in
the diagnosis of possible food intolerance that Allergy Unit dietitians often encounter.
While control charts might be useful, there may not be enough data collected in a normal
elimination diet and challenge procedure for time series analysis to be feasible. At least 50
and preferably 100 observations or more have been recommended.41
Long term detailed recording of health data is, perhaps, more likely in the future however,
as the use of mobile computing platforms such as tablet computers and mobile phones
increases, and software and websites are developed to enable people to record this data.
While the aim of this analysis was to provide advice to a single person only, it is also
possible that the results of many single patient analyses could be combined and analysed
to yield useful clinical information applicable to a wider population, or at least provide a
hypothesis generating mechanism.
In conclusion, we have successfully shown that data from a single person can be analysed
statistically and provide useful information to that person to help them make decisions
regarding their health.
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