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Abstract: Biosurveillance systems for infectious diseases typically deal with
nonlinear time series. This nonlinearity is due to the non-Gaussian and non-
stationary nature of an outcome process. Infectious diseases (ID), waterborne
and foodborne enteric infections in particular, are typically characterized by a
sequence of sudden outbreaks, which are often followed by long low endemic lev-
els. Multiple outbreaks occurring within a relatively short time interval form a
seasonal pattern typical for a specific pathogen in a given population. Seasonal
variability in the probability of exposure combined with a partial immunity to
a pathogen adds to the complexity of seasonal patterns. Although seasonal
variation is a well-known phenomenon in the epidemiology of enteric infections,
simple analytical tools for examination, evaluation, and comparison of seasonal
patterns are limited. This obstacle also limits analysis of factors associated
with seasonal variations. The objectives of this paper are to outline the notion
of seasonality, to define characteristics of seasonality, and to demonstrate tools
for assessing seasonal patterns and the effects of environmental factors on such
patterns. To demonstrate these techniques, we conducted a comparative study
of seasonality in Salmonella cases as reported by the state surveillance system in
relation to seasonality in ambient temperature, and found that the incidence in
Salmonella infection peaked two weeks after a peak in temperature. The results
suggest that ambient temperature can be a potential predictor of Salmonella
infections at a seasonal scale.
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28.1 Introduction

We define “disease seasonality” as systematic periodic fluctuations within the
course of a year that can be characterized by the magnitude, timing, and dura-
tion of a seasonal increase. Variations in seasonal characteristics in temporal,
spatial, or demographic contexts provide important clues to factors influenc-
ing disease occurrence. We consider stability in seasonality, expressed by some
measure of variation in the above-mentioned characteristics of a seasonal pat-
tern, as an indicator of synchronization in disease incidence by environmental
and/or social processes. Meteorological factors, and ambient temperature in
particular, appear to be critically linked to seasonal patterns of disease. Recent
studies indicate that meteorological disturbances may influence the emergence
and proliferation of water- or foodborne pathogens. It is quite plausible that
seasonal fluctuation in ambient temperature might affect the timing and in-
tensity of infectious outbreaks. Therefore, we examined seasonal patterns in
both infections and temperature time series and then compared characteristics
of seasonality.

28.1.1 Conceptual framework for seasonality assessment

This synchronization in disease incidence and environmental factors can be
viewed as a special case when multiple time series exhibit common periodicities
[MacNeill (1977)]. The conceptual format for measuring the temporal relation
between seasonal patterns in environmental temperatures and disease incidence
is shown in Figure 28.1. Considering two characteristics of seasonality: the
magnitude and the timing of a seasonal peak, we define a set of measures.
The measures related to timing are (1) the position of the maximum point on
the seasonal curve of exposure (i.e., temperature) or disease incidence, (2) the
position of the minimum point on the seasonal curve of exposure or disease
incidence, and (3) the lag, which is the difference between time of exposure
maximum and time of disease incidence maximum. The magnitude related
measures are (1) maximum value on the seasonal curve of exposure or incidence
of disease, (2) minimum value on the seasonal curve of exposure or incidence
of disease, (3) the amplitude, which is the difference between maximum and
minimum values on the seasonal curve for exposure or incidence of disease, and
(4) the relative intensity, which is the ratio of maximum value and minimum
value on the seasonal curve. Thus, the task of measuring the temporal relation
between seasonal patterns is translated to the problem of estimating the lag
and associations among measures of timing and intensity.
This concept is easy to express via Model 1 as follows.

Y (t) = ycos(2mwt + ) + e(t), (28.1)
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Figure 28.1: Characteristics of seasonality: Graphical depiction and definition
for daily time series of exposure (ambient temperature) and outcome (disease
incidence) variables
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where Y () is a time series, the periodic component has a frequency of w, an
amplitude of v, and a phase angle of ¢, and {e(t), t = 1,2,...,n} is an i.i.d.
sequence of random variables with Ele(t)] = 0 and Varle(t)] = o2. From a
user standpoint, this model offers the highly desirable property of being easy
to interpret. The model describes a seasonal curve by a cosine function with
symmetric rise and fall over a period of a full year. The locations of two points
at which this seasonal curve peaks and has the lowest value can be determined
using a shift, or phase angle parameter, 1. This parameter reflects the timing
of the peak relative to the origin. For convenience, an origin can be set at the
beginning of a calendar year, January 1. So, if ¢» = 0, there is no shift of a peak
relative to the origin. If ¢ = 7, the peak shifts to the summer, that is, to the
182nd day. If m# < ¢ < 2m, there is a shift toward fall; or if b < 7, there is a
shift toward spring. The parameter can be used for seasonality comparison and
can be expressed in days. The amplitude of fluctuations between two extreme
points is controlled via a parameter ; if v = 0, there is no seasonal increase.

This Model 1 is equivalent to Model 2:

Y (t) = B1sin(2nwt) + Pa cos(2mwt) + e(t), (28.2)



442 E. N. Naumova and I. B. MacNeill

which is more convenient to fit by least squares, a procedure available in much
commercial statistical software. Below we demonstrate an approach that allows
us to combine the ease of fitting Model 2 and the simplicity and elegance of
interpretation of Model 1, by using the d-method.

28.2 o¢-Method in Application to a Seasonality Model

This methodology, whose origin is remote, enables one to obtain a workable
approximation to the mean, variances, and covariances of a function of random
variables whose means and variances are either known or for which there exist
consistent estimators.

28.2.1 Single-variable case

Let X be a random variable with E(X) = p and Var(X) = o2 Also let
X1, X2..., X,, be a sequence of i.i.d. random variables each with the same
distribution as X. If X,, = n= 3" | X;, then F(X,) = u and O'%n = o2/n.
Hence, X,, — u as n — oo, where convergence is in each of: probability, a.e.,
and mean square. Now let f () be a function of one variable that may be
expanded in Taylor’s series; that is,

F@) = f (@) + (z — 20) " (w0) + LD ) 4

In consequence of the above,
Vo= (%) = £+ (=) () +0 ()

Because X — 1, f (X) = f (), and f' (Xo) = 1 (u).

f (Yn) —f(w)
o= ) [F@) = {r T - £ W} +o(5)
0= 1) 1) = (Ko — ) {7 %)~ 1 (@} +0 ()
n—u) X,) +0 (%) .
Therefore, E[Y, — f (1))> = B [X, - “}2 {7 (%) }2 +0 (k7). That is

=7 (%)) 40 (55).
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N2
where 02 may be estimated consistently by 62 = n=! 37 (XZ- — Xn) . Thus,
—\12
for large samples: E [Y,,] = f’( n) and of, = {f’ (Xn)} (6%,,/n).

28.2.2 Two-variables case

Let f (-,-) be a function of two random variables X and Y , whose means (f,
and f,), variances (o7and o7), and covariance (0y,) are known. Consider the
first few terms in the Taylor’s series expansion of f (-, -):

f(X7 Y) - f('um’ﬂy) (X Mm) aX Mz, My + (Y N My) aY P s Ly
1 2 azf 1 2 82f
+ §(X—,um) %2 +§(Y—Ny) Y2
a5y sty
62f
+(X_Nm)(y :uy) 0XOY +o

P oy

Then, by neglecting higher-order terms in the expansion, one can obtain a large
sample approximation to E'[f (X,Y)] as follows.

N o O°f oy *f Pf
P s Ly P s Ly P s oy

Similarly, a large sample approximation to the variance of f(X,Y) can be

obtained as follows.
2 2
of of of
+02<— ) + 20, (—— :
“zwy) Y\ OY |, Y\OX Y |, .,

Now we consider large sample results. Let X;,, and X5, be two sequences of ran-
dom variables with Var(Xi,) = n7'oy, Var(Xs,) = nloyp, and
Cov(Xip, Xop) = n~lo1s. The estimators for the parameters are denoted by
fijn and Gjgn, j, k = 1,2. These estimators are assumed to be consistent. Then

of
0X

Var [f (X,Y)] = o (

. N of X of
Yn = f (/Llnv /L2n) + (,uln /Ll) a + (,u2n - /L2) a—
'ul )Uflny/JIZn #2 ﬂlnyﬂZn
1. 5 O2f 1. 0% f
+§(M1n—,u1) 92 +§(/L2n—,&2)282
'ul /Jflny/JIZn Ng /"1717/’1‘2”
. . 0?
¥ Gian — ) (on — o) 5 o
'ul 'UQ /J‘ln )u'2n
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Because E (fijn, — p;) — 0, j =1,2, and 6jpn = (1/n)65  j, k= 1,2, E[Y,] =
[ (fan, fi2n), then
of )2
ﬂlny/ngn

2

2 A~ s of .

Oy, = Olln + 022n EIN
p‘lnvﬂZn #2

O
o ) (6_f )
a)u’l [1,1,.“[1,2“ 6/1/2 ﬂlnvﬂZn

+ 2512n <

More generally, it can be shown that

Elf (X1, Xo, ..., Xp)]

1 k k a2f
= f(ﬂmpﬂmza-'-v/‘rk)+§;j§0$ﬂj aXian

Haq sHxg ;- oy

lu‘zl “Uq;z 7"'7/J'Ik )

Now by using the §-method we demonstrate how we can relate parameters of
two models: Model 1 and Model 2. Consider a time series {Y (¢),t =1,2,...,n}
and the traditional model for seasonality, Model 2:

and

k k
af of
Var[f(X17X27"'7Xk)] EZZUIZI] av
£e Ly X, 0X;

28.2.3 Application to a seasonality model

Y (t) = p1sin(2nwt) + [o cos(2mwt) + e(t),

where {e(t),t = 1,2,...,n} is an i.i.d. sequence of random variables with
Ele(t)] = 0 and Var[e(t)] = 0. Note that cos(2rwt + 1) = cos(2rwt) cos(t)) —
sin(27wt) sin(v)).

If f1 = —ysinty and (3 = 7y cos®, then ~cos(2nwt + 1) = [y sin(2rwt) +
(1 cos(2mwt).

Also, 31/B2 = —sin(1))/ cos(y)) = —tan(y)) and 2 = 32 + 33. Therefore,
v = a(B? + ﬁ%)l/z, where a = —1 when B2 < 0 and a = 1 otherwise; and
Y = —arctan(B1/62) with § < ¢ < 7. It may be noted that a change of sign
of gamma results in a phase shift of +7. Also,

P 0

a—gl = aﬁl/(ﬁ% + 63)1/2’ —6;2 = aﬁ2/(ﬁ% + ﬁ%)l/zv
o 0

—agl = B2/ (01 + 53). a—gz = B1/ (B + 33)-

To fit the Model 2 by OLS, we let Y = {Y(1),Y(2),...,Y(n)} be the vector
of observations; ¢/ = {e(1),e(2),...,e(n)} be the vector of noise variables; 3’ =
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{p1, B2} be the vector of parameters; and X be the design matrix where X33 =
sin(wk) and Xyo = cos(wk), k = 1,2,...,n. Then for Y = X[ + e, the least
squares estimators are 3 = (X'X)"1X'Y, and the variance-covariance matrix
is Cov(3) = o*(X'X)~!. If Y = Xf3, then we denote the vector of residuals
by é =Y — Y. The unknown variance may be consistently estimated by 62 =
n~le’e. Because OLS estimators of the parameters of Model 2 are consistent,
we have consistent estimators for 81, 32, and o2.

Models 1 and 2 are equivalent, therefore we can fit Model 2 to obtain the
estimates for the amplitude and phase parameters by applying the §-method.

Thus, we have E[B’] = E[(Bl, 32)] — (B4, B2) = 3 and

~9 A
Cov(f) = o*(X'X)™t = Aaﬁl 0%52 ~oi(X'X)L.
05162 0-51
For the amplitude v = f(81, B2) = (67 + 33)'/2, the estimates are
¥ = f(B1, B2) = (B7 + B5)"/?
and
Var() = (65,07 + 65,03 + 265,5,0102)/ (57 + B3)-

The phase angle estimate is 1) = — arctan(ﬁl / 32) and corresponding vari-
ance estimate is

Var(() = (63,05 + 63,01 — 265,.6102)/ (51 + 53)°.

28.2.4 Potential model extension

Model 2 can be extended to a more general Model 3 for seasonality as

Y (t) = Bo + (1 sin(2wwt) + B2 cos(2mwt) + [ sin(4drwt) + [o cos(dnwt) + e(t),

(28.3)
where w is the frequency of the seasonal component and 2w is its first harmonic.
The vector form of the model uses the following notation.

Y ={Y(1),Y(2),....,Y(n)};
¢ ={e(1),e(2),...,e(n)};

ﬁ/ = {607 ﬁlv ﬁ27 637 64}7
and the (n x 5) design matrix X has as kth row

{1, sin(27wt), cos(2mwt), sin(4wwt), cos(4mwt)}.
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Model 3 can now be rewritten as described above with an alternative Model
4 as

Y (t) = Bo + 71 cos(2mwt + 1) + 2 cos(dmwt + 19) + e(t). (28.4)

The relations between the parameters of Models 3 and 4 are as follows: vi =
B+ B3 v = —arctan(B1/Bo); 13 = B + B e — — arctan(f/By) and
B1 = —msin(¥1); B2 = y1cos(yr); B = —y2sin(¢a); Ba = y2c08(¢h2). The
estimation for (g is the same for each of Models 3 and 4. The partial derivatives
are those given in Models 1 and 2, but it should be noted that many of the
derivatives are zero; that is,

O _ O _ O _ Oy Oy O

9% 0% 90 0P 0B 0B
Ohr 01 9P _ 0o OYa _ Oty _o
0By 0Bs OBs 0By 0OB3 OB ’
and 94 93
0 . . Yo _
aﬁi—(), i=1,...,4; also aﬁo—l.

This simplifies the computation of the standard error estimates for
(Bo, 71, %1, ¥2,¥2). Thus, we have the following estimates for Model 4 based
on the fit for Model 3:

@0 = fo; A= (B + 33)Y% Ao = (B3 + BV
1 = —arctan(f1/3); Py = —arctan(Bs/ba).

To obtain the estimates of the standard errors of the parameters
Q = (Bo, 71, Y1, 72, P2), we denote the matrix of partial derivatives of the Model

4 parameters with respect to Model 3 by ‘g—% 5 Then

Cov(Q) = (g—g 6) (G2(X'X)™h (g—g 6) .

28.2.5 Additional considerations

Here we intend to apply the proposed method for assessing seasonality in infec-
tious diseases that typically have one annual peak and are measured by count-
ing cases occurring over prespecified time periods (e.g., days, weeks, months).
Therefore, two main aspects of the method of implementation should be dis-
cussed: the underlying distribution of the case counting process and the or-
thogonality of the design matrix.
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It is plausible to assume a Poisson process for a rare event such as a case
of infection in a large closed population that satisfies a requirement of non-
negativity in a time series of counts. Suppose the mean-value function for a
Poisson process follows Model 2 or 3. Then the process will have as its tth
component a Poisson variate with parameter A(¢). Unless A\(t) = \ for all ¢, the
process will not have constant variance. In a case of nonconstant variance, the
OLS parameters will be biased. To reduce this bias, we will use an iterative
weighted least squares approach implemented via standard statistical software
for a generalized Poisson regression.

ambient temperature (F)

0 100 200 300
days

Figure 28.2: Seasonal curve for ambient temperature in temperate climate of
Massachusetts, USA. Solid line is the fitted mean-value function

When fitting a trigonometric polynomial to a set of data, it is helpful if the
columns of the design matrix X are orthogonal. Suppose that a time period
consists of n equal subintervals of length 1/n, and the data are collected at
the end of each time subinterval. For a one-year study period, a year is a
time period of one unit in length divided into 365 subunits, that is, days, each
of 1/365th of the unit. For the proposed Model 1, the frequency w equals 1,
meaning that in one full cycle per unit of time (year) the first harmonic has
twice this frequency, or there are two full cycles per year. Then the design
matrix X will have columns that are orthogonal and X’X will be a diagonal
matrix.
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28.3 Application to Temperature and Infection
Incidence Analysis

To examine the relations between seasonal patterns in ambient temperature and
disease incidence, we study time series of daily mean temperature and counts
of Salmonella that have been established over the last decade in Massachusetts,
USA. Ten years of temperature daily observations and Salmonella counts, su-
perimposed for ease of seasonality visualization are shown in Figures 28.2 and
28.3. Figure 28.4 demonstrates daily counts of Salmonella with respect to the
corresponding temperature values. As we can see, there are apparent increases
in Salmonella cases in warm summer months, as well as respective increases in
variability in these time periods. A daily rate of Salmonella is 0.78 cases per
1,000,000 population.

Salmonella counts
10 20 25 30
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200 300
days

o
—
O
o

Figure 28.3: Seasonal curve for salmonella cases in Massachusetts, USA. Solid
line is the fitted mean-value function

Our first step was to describe the seasonal pattern in temperature and in-
fections over the last decade. We used a generalized linear model (GLM) with a
Gaussian distribution for the outcome when the variable of interest is ambient
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Figure 28.4: Temporal pattern in daily Salmonella cases (Z-axis) with respect
to ambient temperature values in C° (Y-axis) over time (X-axis)

temperature,
Y (t) = By + (1 sin(2mwt) + Po cos(2mwt) + e(t), (28.5)
and a Poisson distribution if the studied outcome is daily disease counts,
log(E[Y (t)]) = Bo + P1sin(2rwt) + P2 cos(2mwt) + e(t). (28.6)

In both cases, (g is an intercept that estimates a baseline of a seasonal pattern.
With t as time, expressed in days for a time series of length N (t =1,2,..., N,
where N is the number of days in a time series), we set w = 1/365 to properly
express the annual cycle. The exp{fg} for the Poisson regression reflects a
mean daily disease count over a study period. We estimated the mean-value
function using Models 5 and 6, as well as using the estimates of the amplitude
and phase angle, and obtained the exact same plot (Figures 28.2 and 28.4).

Now, using the estimates of the amplitude and the phase angle, the proposed
characteristics of seasonality can be expressed as follows.

1. The average maximum value on the seasonal curve of exposure, max{Y (¢)}
= Bo + 7, or incidence of disease, max{Y (t)} = exp{Bo + 7};

2. The average minimum value on the seasonal curve of exposure, min{Y (¢) }
= (B — 7, or incidence of disease, min{Y (t)} = exp{fGo — 7};
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3. The average intensity, the difference between maximum and minimum
values on the seasonal curve for exposure, I = 2+, or incidence of disease,

I =exp{fo + v} —exp{Bo — 7};

4. The average relative intensity, the ratio of maximum value and minimum
value on the seasonal curve, for exposure, Ir = (33 — v%)/(Bo — v )?, or
incidence of disease, Ip = exp{2~v};

5. The average peak timing (in days), a position of the maximum point on
the seasonal curve of exposure or disease incidence, P = 365(1 — ¢ /7)/2;

6. The average lag, Pp— Pp, the difference between peak timing of exposure,
Pg, and peak timing of disease incidence, Pg.

The results of fitting Model 2, as well as the estimated amplitude and phase
angle parameters are shown in Table 28.1. We used S-Plus glm-function to fit
the models. S-Plus codes for estimation of seasonality parameters are available
on request. Suggested models demonstrate that a seasonal component explained
83% of variability in daily temperature and 23% in counts of Salmonella infec-
tions. The Salmonella infections peaked two weeks after a peak in temperature.

Table 28.1: Characteristics of seasonal curves for ambient temperature and
Salmonella cases

Temperature Disease
Parameters Parameters
Value (Std.error) Value (Std.error)
Intercept—_g 58.971 (0.1213) 1.377 (0.0086)
sin(2*7*time/365)— /1 —9.187 (0.1716) —0.3111 (0.0117)
cos(2*m*time/365)— 2 —21.093 (0.1715) —0.4331 (0.0118)
Null variance (df = 3652) 1163591 8967
Residual variance (df = 3650) 196222 6871
% variance explained 83% 23%
Amplitude—y 22.9698 0.5412
Phase angle— —0.4071 —0.6489
Relative intensity—Ipr 2.2760 2.9519
Peak timing—P 206.1 220.2

Next, we hypothesized that temporality in ambient temperature will deter-
mine, in part, the timing and magnitude of peaks and we explored associations
between seasonal characteristics in disease and temperature. Specifically, we
asked the question, “Do the timing and/or intensity of a seasonal peak in am-
bient temperature predict the timing and/or intensity of the seasonal peak for
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an enteric infection?” In order to answer this question, we examined seasonal
characteristics in ambient temperature and Salmonella infections in the manner
described above for each year separately and then examined the synchronization
of seasonal patterns in temperature and Salmonella counts. A few interesting
observations are: moderate association exists between relative intensities for
temperature and Salmonella cases (p = 0.648), and negative correlation exists
between average minimum values for temperature and average maximum val-
ues for Salmonella infections (p = —0.806). These results suggest that ambient
temperature can be a potential predictor of Salmonella infections at a seasonal
scale.

28.4 Conclusion

An ability to provide estimates for seasonality characteristics as a set of pa-
rameters was the main objective in developing the presented models. The pre-
sented set of analytical tools allows for comprehensive, systematic, and detailed
examination of a seasonal pattern in daily time series of continuous and dis-
crete outcomes. The application indicates the promise of these techniques to
produce sensible and intuitively appearing functional relationships. The sug-
gested conceptual structure permits the description of seasonal patterns and
their comparison. In fitting a GLM with a cosine function for a seasonal curve
we assumed that a pattern described by a cosine curve has a symmetric rise
and fall, and a cosine curve with a period of a full year has a point at which
it peaks and a point with the lowest value. We demonstrated an approach, in
which we combine the ease of fitting one model with the simplicity and elegance
of interpretation of another one, by using the J-method. We also demonstrated
that the proposed technique could be extended to a more general case, for ex-
ample, when two seasonal peaks can be identified. Clearly, further experience
in using these techniques and some theoretical work are required. It is impor-
tant to compare the performance of models with well-documented statistical
techniques for seasonality evaluation, to expand visual presentation of mod-
eling results, and to provide step-by-step instructions for implementing these
statistical procedures in practical settings for public health professionals. The
presented models and parameter estimation procedures allow for a straightfor-
ward interpretation, are easy to perform using commercial statistical software,
and are valuable tools for investigating seasonal patterns in biosurveillance.
One methodological aspect of this exercise deserves special comment. The
vast majority of epidemiological studies that have examined the seasonality of
diseases used crude quarterly or monthly aggregate data which prevent a fully
detailed, accurate, or comprehensive analysis of a seasonal pattern and may
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even be misleading [da Silva Lopes (1999)]. Examination of weekly rates sub-
stantially improves the evaluation of seasonal curves when compared to monthly
data, but a systematic approach to the issue of week standardization has often
been lacking. The use of daily time series enabled us to detect significant differ-
ences in the seasonal peaks of infections, which would have been lost in a study
that used monthly cumulative information. The effective use of the presented
methods requires data collected over a long period with sufficient frequency.
An efficient surveillance system has similar requirements. The vast majority of
continuously monitored surveillance systems collect data on a daily basis and
focus on the use of daily time series.
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