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This study was designed to examine the performance of a nonparametric forecasting method first developed
in meteorology, the “method of analogues,” in predicting influenza activity. This method uses vectors selected
from historical influenza time series that match current activity. The authors applied it to forecasting the
incidences of influenza-like illnesses (ILI) in France and in the country’s 21 administrative regions, using a series
of data for 938 consecutive weeks of ILI surveillance between 1984 and 2002, and compared the results with
those for autoregressive models. For 1- to 10-week-ahead predictions, the correlation coefficients between the
observed and forecasted regional incidences ranged from 0.81 to 0.66 for the method of analogues and from 0.73
to —0.09 for the autoregressive models (p < 0.001). Similar results were obtained for national incidence forecasts.
From the results of this method, maps of influenza epidemic forecasts can be made in countries in which national

and regional data are available.
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Abbreviations: CV, cross-validation; ILI, influenza-like illnesses.

Over the past 20 years, surveillance networks for real-time
monitoring of influenza activity have been developed world-
wide to detect epidemics rapidly and to estimate the annual
impact of influenza (1-10). However, these networks
provide information on present, not future, activity. There is
a lack of epidemiologic forecasts designed for public health
authorities, which would allow for the organization of health
care facilities during winter outbreaks (11). For instance,
because the 1999-2000 influenza outbreak was both unpre-
dicted and severe, record levels of hospital admissions for
influenza put exceptional pressure on health care facilities in
the United Kingdom during that winter (12). Also lacking
are epidemiologic forecasts designed for the general popula-
tion, as opposed to weather forecasts, which are part of daily
news bulletins. While meteorologic forecasting methods
have improved greatly, prediction of the occurrence or
spread of infectious diseases, especially influenza, is not yet
operational (11).

A large body of work has been devoted to the real-time
detection of influenza outbreaks, defined as some increase
above a historical baseline threshold (5, 8, 13, 14). A limited
range of approaches has been developed to predict the spread
of the epidemic process (15-19). These approaches fall into
two categories: those that model the diffusion mechanisms
and those that model the epidemic curve.

Large-scale mathematical deterministic models, also
known as susceptible infected recovered models, are based
on the mechanism of serial person-to-person transmission
(20) and describe the time and geographic spread of influ-
enza (15-18). Application of these models to retrospective
data in the former Soviet Union, in Western countries (16,
18), and on a global scale (15, 17) provided useful insight
into the diffusion mechanisms but did not prove efficient for
prospective forecasting. More flexible models such as chain
binomial models allowed for simulation of the spread of
influenza epidemics in structured micropopulations, that is,
families or small cities (19). Although these models were
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potentially excellent exploratory tools, they were not
designed primarily for larger communities because of their
computational complexity (21).

A second approach is based on time-series modeling of the
epidemic curve. Autoregressive seasonal linear models (22)
have previously been applied to influenza surveillance data
(5, 23). However, these models did not take into account the
geographic correlations relating to the diffusion process and
could not be adjusted to sudden changes in dynamics (21).
Nevertheless, although these models were not used in the
past for operational forecasts of influenza epidemics on a
national or regional geographic scale, they can be considered
reference models against which new methods should be
tested.

The method of analogues is a nonparametric approach first
developed by Lorenz in 1969 to forecast meteorologic time
series (24). It was then applied for prediction purposes in
other fields, including physics (25), finance (25), hydrology
(26), and geophysics (27). A similar approach has also been
used to detect chaotic behavior in epidemiologic time series
(28, 29). The aim of the present study was to evaluate appli-
cation of this approach to the prediction of surveillance data.
First, we applied the method of analogues to prediction of
weekly national incidences of influenza-like illnesses (ILI)
in France. We then extended this method to forecasting of
the regional spread of ILI epidemics.

MATERIALS AND METHODS
Source of data

Data were obtained from the French Sentinel Network, a
computerized public health surveillance system (4, 30) that,
since November 1984, has been collecting reports from
1,790 general practitioners. These Sentinel general practition-
ers are voluntary unpaid participants and are located all over
France. They are requested to log onto the system as often as
possible, which is available around the clock, but they have
to connect to the network at least once a week. If the interval
between two successive reports from a Sentinel general prac-
titioner exceeds 12 days, the last report is not taken into
account in the surveillance, and the general practitioner is
considered silent for the corresponding period. In accor-
dance with a standardized surveillance protocol, the partici-
pating general practitioners enter an individual report for
each visit for ILI that meets the following criteria: sudden
fever of more than 39°C, myalgia, and respiratory symp-
toms. From the raw reports, a set of routine procedures
produces ILI incidences for different time units (week,
month, or year) and geographic areas (department, region,
whole of France).

For this study, we used the times series of weekly ILI inci-
dences for France and its 21 administrative regions. The
series covered the 938 weeks spanning the period from
November 1984 to October 2002, during which 18 epidemic
seasons occurred. National and regional ongoing ILI inci-
dence estimates are published on the following Web site (in
French): http://www.u444 jussieu.fr/sentiweb. Epidemic
weeks were defined according to a periodic seasonal regres-
sion model (13, 31), used routinely in the French Sentinel
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Network. A similar model is applied to pneumonia and influ-
enza mortality surveillance data by the Centers for Disease
Control and Prevention (Atlanta, Georgia) (32). Epidemic
onset is defined as the first week during which the national
ILI incidence exceeds a baseline nonepidemic threshold
given by the upper limit of the 95 percent confidence interval
of the periodic model, provided the incidence remains above
this threshold for at least 2 consecutive weeks. During the
epidemic periods spanning 1984-2002, national ILI inci-
dence estimates ranged from 105 to 1,793 cases per 100,000.
For each epidemic, we also defined a preepidemic period as
the 4 weeks immediately preceding onset of the epidemic.
The preepidemic period captured periods of early increase in
influenza activity prior to epidemic onset. The number of
cases rises abruptly at the start of an influenza epidemic (21),
and, in the fourth week before epidemic onset, the incidence
was only 12 percent (range, 8—16 percent) of that observed
during the epidemic. Prior to the fourth week before
epidemic onset, influenza activity was even lower and hence
was considered negligible. The total duration of the
epidemic and preepidemic periods was 241 weeks.

Principle of the method of analogues

Time-series prediction by using the method of analogues
has been described in detail elsewhere (25, 33, 34). Here, we
first briefly introduce the method of analogues for predicting
national ILI incidences and then describe its extension to
multivariate time series for predicting regional incidences.

National ILI incidence forecasts. Let I(f) denote the
observed national ILI incidence at week ¢, 1 <t < N, where
N = 938 denotes the total number of weeks in the surveil-
lance record. Suppose we wish to forecast the future from
current week 7. The principle of the method of analogues is
to select historical sections of the time series that most
closely match the observations at 7. Prediction of future
observations is based on the values that follow these closely
matching sections (table 1 and figure 1).

We define influenza activity at week 7 by using the vector
of incidence measures over the past [ weeks, X(T) = (I(T),
KT - 1), ... (T - 1)). We compare X(7T) with historical
vectors of (I + 1) consecutive incidences and select the best
matches on the basis of a distance criterion expressed as

!
dist(X(7), X(7)) = Z(I(T—j)—l(t—j))z,
i=0
t < T. The best matches will be referred to as the “nearest
neighbors” of X(T). We write {X(T"), ... X(T), ... X(T")}, 1
< i < v for the v nearest neighbors of X(T) and F(T + h) for
the h-week-ahead forecast fromweek T (h> 1,1+ 1< TSN
—h). F(T + h) is computed as the weighted mean of the inci-
dences that follow the nearest neighbors; therefore,

F(T+h) = Y wxI(T +h),
1<i<v
where w' is the weight assigned to neighbor i (we used previ-
ously published weights (34); details below).
Regional ILI incidence forecasts. In the setting of the
geographic spread of an epidemic disease, we now consider



998 Viboud et al.

TABLE 1. Prediction of incidence + 1 based on one to four historical vectors of measures of incidence* of
influenza activity over the past 2 weeks, France, 1984-20021

Vector V\gji‘;g %flgége { lnlc?ggjnir;cf 1 Di?it:é}gz;g;z()(n Rank Incidence + 1
weeks
Current vector
X(T) T=289 I(T) = 800
{ (T-1) =450
Historical vectors
X(D) D=217 I(D) = 925 16,354 1 D+ 1) =1,575
{ (D—-1) =423
X(B) B=85 I(B) = 663 29,173 2 I(B+1)=513
{ I(B—1)=348}
X(O) C=153 I(C) = 503 100,530 3 (C+1)=436
{ (C—-1) =339 }
X(A) A=35 I(A) = 379 223,037 4 I(A+1) =244
{ I(A—-1) =236 }
Forecast based on

One neighbor (X(D), wp=1)
Two neighbors (X(D), wp = 0.64; X(B), wg = 0.36)

Three neighbors (X(D), w, = 0.58; X(B), wg = 0.33; X(C), w,= 0.09)
Four neighbors (X(D), wp = 0.56; X(B), wg = 0.31; X(C), wy= 0.09; X(A), w, = 0.04)

F(T+1)=1575
F(T+1)=1,193
F(T+1)=1,122
F(T+1) = 1,090

* |nfluenza-like illnesses cases/100,000.

1 X(T) denotes the vector of current activity at week T. From the historical series of incidences, four vectors, or
“nearest neighbors” (X(A)-X(D)), are selected as the best matching X(T) and are ranked according to their
euclidian distance to X(T). The incidence + 1 forecast is calculated as the mean of the incidences + 1 of the
nearest neighbors, weighted by the inverse of their distance to X(T) (w,—w). Refer to figure 1 for a graphic

representation.

multivariate time series, that is, the set of {,(f)} where I,(¢)
denotes the observed ILI incidence at week #, 1 < ¢t < N, in
region k, 1 <k < 21. We define influenza activity at current
week T by the matrix X(7) = ([(T-7r)),0<r<1[,1<k<21
and use a distance criterion to compare it with historical
matrices expressed as
21 1
. . 12
dist(X(7), X(1) = 3 3 (L(T=)) = L(t=))’.
K=1j=0
Computation of the h-week-ahead forecast in region k,
similar to that described in the preceding section, follows as

F(T+h) = Y wxI(T +h),
1<i<v

where the v nearest neighbors {X(T"), ... X(TY), ... X(T")},
1 < i< vyare selected by minimization of the distance crite-
rion, and w' is the weight assigned to neighbor i. Note that for
a given week, identical w' weights in all regions are chosen.

Parameter estimation. We used a cross-validation (CV)
criterion based on the root mean square error (35) to select
the combination of parameters (I, v, and w') that yielded the
most accurate forecasts in the retrospective series. The CV
criterion is defined as the error that occurs when predicting
the future from week 7, excluding the incidences
surrounding /(7) from the library of historical observations.
Specifically, we exclude the [ consecutive incidences

preceding I(T) and the & consecutive incidences following
I(T). This algorithm avoids redundancy between the fore-
casts and the model (28, 29). The CV criterion for an h-
week-ahead national prediction was expressed as

S (U(T+h)=F(T+h)’
th _ [+1<T<N-h

S AT+ -1y

I+1<T<N-h

where I(T + h) is the observed national incidence at week
T+ h, F(T + h) is the forecasted national incidence at week
T + h, and I is the average national incidence. At a regional
level, the CV criterion for an h-week-ahead prediction in
region k was expressed as

S U(T+h) - F(T+ h))?
CVk,h - [+ 1<T<N-h

S (T -1’
I+1<T<N-h
where I,(T + h) is the observed incidence at week T + & in
region k, Fi(T + h) is the forecasted incidence at week T + h
in region k, and I, is the average incidence in region k. The
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FIGURE 1. lllustration of the principle of the method of analogues for time-series prediction of the incidence of influenza-like illnesses (ILI) 1
week ahead from week T (week no. 289), France, 1984-2002. The time series of observed incidences is represented by a thin solid line; vectors
are thick, solid lines. The vector of incidence measured over the past 2 weeks, X(T) = ((T), (T — 1)), represents current influenza activity. The
four historical vectors of incidence measures shown (X(A)—X(D)) best match X(T). The details of the distances between X(T) and the historical
vectors (the so-called nearest neighbors) are given in table 1. The forecast F(T + 1) (star) is calculated as a weighted mean of the observed
incidences following the historical vectors (triangles). In this figure, the two nearest neighbors, X(B) and X(D), are used, and the forecast is based

on (B+1)and (D + 1).

mean error for the h-week-ahead prediction of ILI incidences
in the 21 regions was estimated as

Z CVk, h

_ l<k<ol
cv, = 1

A grid search was conducted in the parameter space (for i =
1-10 weeks, with v = 2-16 nearest neighbors, [ = 0-10
weeks, w! = equally distributed weights or w' = weights
proportional to the inverse of the distance criterion (34)) to
select the combination of values that minimized CV,, over
the 241 epidemic and preepidemic weeks.

Overall accuracy of predictions. We used two measures
of prediction accuracy to evaluate the method of analogues:
the correlation coefficient and the root mean square error
between observed and forecasted incidences, denoted by
CV,, in the text (25, 29, 33, 34, 36). We defined the predic-
tion horizon (denoted by h in the text) as the number of
weeks in advance that the prediction is made. Both measures
of prediction accuracy were plotted against the prediction
horizon.

Comparisons with linear methods. The forecasts esti-
mated by using the method of analogues were compared with
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those estimated by using the “naive” method of prediction and
by using regional linear autoregressive models (29, 36). The
naive method constitutes a bottom line in the comparison. It is
defined as the method in which predicted incidences are equal
to the current incidence, hence F(T + h) = I(T) for national
predictions and F(T + h) = I(T) for regional predictions, & =
1.

An autoregressive model of order p can be written as
F(T+1)=0y+ 0,1 + 0,1 (T-1)+ ... q)pl*(T—p +1)+
&(T), where I'(.) is the detrended series of incidence
measures, ¢, 0 < i < p are autoregressive parameters to be
estimated from the sample data, and €(.) are independent
random normal deviates. For the 21 regions separately, the
series of incidence measures were detrended, and the auto-
covariances were computed. The autoregressive parameters
were calculated from the autocovariances in a Yule-Walker
framework, and the model was built with a backward selec-
tion procedure (Forecast, SAS software, version 8; SAS
Institute, Inc., Cary, North Carolina). To account for the
seasonality of the disease, we allowed for annual terms to be
included in the model.

The performances of the three methods (naive, autoregres-
sive, and analogues) were assessed by computing the corre-
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FIGURE 2. Parameter estimation procedure for the method of analogues for prediction of the incidence of influenza-like illnesses, France,
1984-2002: a) selection of the number of past weeks in the vector of incidence measures (/; refer to the text) by optimizing the correlation coef-
ficient or b) the cross-validation criterion based on the root mean square error. v, the number of neighbors, is fixed at 3; optimum /is 4.

lation coefficient and the root mean square error between
predicted and observed incidences (29, 36). The prediction
horizon ranged from 1 to 10 weeks for the 241 epidemic and
preepidemic weeks.

Mapping of the 1999-2000 influenza epidemic. Observed
versus predicted regional incidences were mapped for the
1999-2000 influenza epidemic. Spearman correlation coef-
ficients were used to compare the two series of incidences.

RESULTS
Parameter estimation

The optimal predictions in our influenza time series for the
period 1984-2002 were reached (i.e., the CV criterion was

minimal) when 5 consecutive weeks comprising the current
week and 4 previous weeks were used to select the three
nearest neighbors in the past series (i.e., [ = 4 weeks, v = 3)
(figures 2 and 3). The CV criterion and the correlation statis-
tics yielded very similar results for the parameter estimation
procedure (compare figure 2a with 2b and 3a with 3b).

The quality of the predictions was enhanced by the use of
weights (w') proportional to the inverse of the distance
between the current activity and the selected nearest
neighbors. For a given prediction horizon, the CV criterion
based on the root mean square error was systematically
reduced with this weighting, the other parameters (/ and v)
being held fixed. It was an average of 1.0 percent lower with
this weighting than with the equal weighting (range, 0.5-1.5
percent).

Am J Epidemiol 2003;158:996—1006
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National ILI incidence forecasts

The correlation coefficients between 1-, 2-, and 3-week-
ahead predicted and observed national incidences were,
respectively, 0.90, 0.76, and 0.63 over the 241 epidemic and
preepidemic weeks (figure 4). Over the same period, the
corresponding coefficients obtained with the “naive” method
were, respectively, 0.84, 0.53, and 0.21. Although the corre-
lation decreased with the prediction horizon, the degree of
accuracy of the 3-week-ahead forecasts by the method of
analogues was high. For a prediction horizon of 10 weeks,
the correlation coefficient was still 0.58 for the method of
analogues, compared with —0.19 for the “naive” method.

Am J Epidemiol 2003;158:996—1006

Regional ILI incidence forecasts

The distribution of the 1-week-ahead regional forecasts
was similar to that of the observed incidences, except for
extreme values. The lowest values were overestimated, and
the highest were underestimated. On the whole, the forecasts
were closer than the observed incidences to the mean of the
time series, so that the range of predicted values was
narrower.

The autoregressive method gave higher correlation coeffi-
cients (similarly, a lower root mean square error) than the
naive method did, but the difference was not large (figure 5).
In the same way as for national predictions, the quality of the
predictions decreased with the prediction horizon. For 1- to
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FIGURE 4. Observed incidences of influenza-like illnesses (ILI) in France in 1996-2002 vs. a) 1-week-ahead, b) 2-week-ahead, and c) 3-week-
ahead forecasted incidences. Forecasts are made with the method of analogues (v = 3, / = 4, and w' < 1/distance criterion) by using all of the
1984-2002 data and a cross-validation algorithm. Dates abbreviated as follows, for example: 10/01/96, October 1, 1996.

10-week-ahead predictions, the correlation coefficients
between the observed and forecasted regional incidences
ranged from 0.81 to 0.66 for the method of analogues and
from 0.73 to —0.09 for the autoregressive models (p < 0.001).
For the method of analogues, there was a relative decrease of
21 percent in the correlation coefficients between the 1- and
10-week-ahead predictions. The corresponding decreases
were 112 percent and 125 percent, respectively, for the
autoregressive and naive methods. The root mean square
error was 10 percent lower with the method of analogues for
1-week-ahead predictions and 105 percent lower for 10-
week-ahead predictions. Hence, for up to 10-week-ahead
predictions, the method of analogues provided better predic-
tions than the autoregressive and naive methods.

Note that for the method of analogues, the prediction accu-
racy before epidemic onset was different from that at the time
of peak incidence—which occurred about 4 weeks after onset.
The correlation coefficients were, respectively, 0.55, 0.42, and
0.27 for the 1-, 2-, and 3-week-ahead forecasts conducted 4

weeks before epidemic onset, and they were 0.85, 0.81, and
0.78 for the corresponding forecasts conducted 4 weeks after
this onset. However, on average for 1-, 2-, and 3-week-ahead
forecasts 4 weeks before the epidemic occurred, the root mean
square error was lower by 30.3 percent than for forecasts
conducted 4 weeks after onset. This difference likely was due
to a low level of influenza activity 4 weeks before onset of the
epidemic. When incidence measures fluctuate around zero,
the magnitude of the prediction bias is small, yielding on
average small errors, while the correlation statistics reflect
noise around the estimates of zero.

Mapping of the 1999-2000 influenza epidemic

Extension of the method of analogues to regional ILI inci-
dence forecasts is illustrated in figure 6 by a set of maps
corresponding to the 1999-2000 influenza season. The first
set of predictions was based on the influenza activity
recorded during the first week of December 1999 (i.e., the

Am J Epidemiol 2003;158:996—1006
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method of analogues, the “naive” method, and the autoregressive (AR) method. Prediction accuracy is defined as the correlation coefficient
between observed and predicted regional incidences averaged over the 21 regions of France and calculated for the total duration of the epidemic
and preepidemic periods for 1984-2002 (241 weeks). Vertical bars, the 95 percent confidence interval limits of the correlation coefficients.

week of epidemic onset, week 49 of 1999, started on
December 6 (figure 6a)). The method of analogues fore-
casted the regional incidence levels for the last 3 weeks of
December 1999, with a correlation coefficient between the
observed and forecasted incidences of 0.68 (p < 0.001). A
second set of predictions was based on the influenza activity
recorded during the last week of December (i.e., 1 week
before peak incidence, week 52 of 1999, started on
December 27 (figure 6b)). The method of analogues fore-
casted the regional incidence levels for the first 3 weeks of
the year 2000, with a correlation coefficient between the
observed and forecasted incidences of 0.78 (p < 0.001).
Because information about the incidence of influenza is
often delivered dichotomously, that is, as being above or
below the epidemic threshold, we also examined the accu-
racy of the forecasts in this discrete way. Thus, for the first 3
weeks of 2000, the numbers of regions for which the
observed incidence exceeded the threshold were, respec-
tively, 20, 19, and 19. For 18 of the 21 regions, the method
of analogues forecasted an epidemic status that matched the
observed one over the whole 3 weeks.

DISCUSSION

In this study, we applied the method of analogues to fore-
casting the time and geographic spread of ILI epidemics in
France from 1984 to 2002. This approach proved appropriate
for forecasting both national and regional ILI incidences up
to 10 weeks in advance during the epidemic and preepidemic
periods. The correlations between the observed and
predicted national incidences were above 0.58 (10-week-
ahead forecasts) and up to 0.90 (1-week-ahead forecasts).
The corresponding correlations between the observed and
predicted regional incidences were above 0.66 and up to
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0.81. This method yielded forecasts that were more accurate
than those provided by linear autoregressive models.

A reason that might explain why the method of analogues
outperforms autoregressive-like models in influenza series is
the absence of exact periodicity regarding this disease.
Although influenza epidemics occur in wintertime, the time
of year of epidemic onset varies between November and
March in France as well as in other temperate areas of the
Northern Hemisphere (20). For this reason, models
including seasonal terms, as autoregressive-like models do,
do not fit influenza series well. The method of analogues is
nonparametric and makes no assumption about the distribu-
tion or seasonality of the disease, which may explain the
improvement in fit. In addition, several authors have
suggested that local models (such as the method of
analogues) outperformed global models (such as autoregres-
sive-like models), especially when the system under study
was complex (33, 37). In particular in epidemiology, Sugi-
hara and May (36) reported a similar result in their study of
measles time series.

Various distance criteria have been used for past applica-
tions of the method of analogues (24-27, 33, 34, 36, 37), but,
to our knowledge, the issue of whether the forecasts are
sensitive to the choice of distance criteria has not been
studied. In our study, we used the euclidian distance criterion
defined by the squared differences of raw incidence rates.
ILI incidences are likely to be Poisson distributed, and the
latter distance criterion is more appropriate for normal
random variables. We also studied three other distance
criteria: a euclidian distance applied to the log-transformed
incidences, an exponentially weighted euclidian distance,
and a chi-square-type distance. In particular, we used the log
transformation as a variance-stabilizing transformation to
obtain normal-like variables. Similarly, the chi-square-type
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FIGURE 6. Prediction of the geographic spread of the 1999-2000 influenza epidemic in France vs. the observed spread by using the method
of analogues. a) Upper panels, the regional incidences of influenza-like illnesses (ILI) observed at week 49 (starting on December 6, the week
of epidemic onset) and weeks 50, 51, and 52 of 1999; lower panels, the 1-, 2-, and 3-week-ahead predictions obtained from influenza activity at
week 49 of 1999. b) Upper panels, the regional ILI incidences observed at week 52 of 1999 (starting on December 27, 1 week before the peak

incidence) and weeks 1, 2, and 3 of 2000; lower panels, the 1-,

2- and 3-week-ahead predictions obtained from influenza activity at week 52 of

1999. The parameters used for the predictions were those that minimized the error criterion (v =3, / =4, and W« 1/distance criterion). Numbers
in parentheses, ILI incidence/100,000.

distance is more appropriate for count data characterized by
increasing variance with increasing mean. This analysis
revealed that the selection of neighbors was almost identical
for all of the distance criteria; hence, the forecasts were not
substantially different (data not shown). The choice of the
distance criteria had very little impact on this study.

The method of analogues was applied here to surveillance
data collected during interpandemic periods. An influenza
pandemic is a major epidemic due to a completely novel or
reemerging influenza virus spreading on a global scale. The
viruses isolated and reported in France during the 18 influ-
enza epidemics that we studied were restricted to the types
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and subtypes isolated worldwide in humans in recent
years—B, A/HIN1, and A/H3N2. In the case of a pandemic,
the method of analogues would probably yield worse perfor-
mances than those reported here. During a pandemic, inci-
dences are expected to be much higher than those recorded
during interpandemic periods. For a pandemic, other types of
models, such as susceptible infected recovered mechanistic
models similar to those used in the retrospective forecast of
the global spread of the 1968-1969 Hong Kong influenza
pandemic (15), would probably be more appropriate.

Exogenous covariates such as meteorologic or demo-
graphic factors may alter the diffusion process of influenza
(21), but the determinants of the spread of this disease are
still controversial (20). The method of analogues could be
refined so as to include these covariates in the process of
selecting the nearest neighbors, that is, in the definition of
influenza activity. In previous applications of this method, a
weighting algorithm was implemented to assign relative
importance to covariates on the basis of the magnitude of
their association with the dynamics under study (27).
However, for influenza, these covariates and their corre-
sponding weights are not yet known.

In conclusion, the method of analogues described here
constitutes a nonparametric approach that, at least during
interpandemic periods, is available for forecasting the diffu-
sion of influenza epidemics. This method makes extensive
use of past observed epidemic patterns to estimate the
temporal and geographic dynamics of the diffusion process.
The method of analogues is probably suitable for predicting
other communicable diseases such as acute diarrhea, as long
as historical observations are numerous enough to provide an
extensive description of likely patterns and the disease
displays recurring cycles. Like any other prediction method,
it also requires real-time collection of data to make predic-
tion worthwhile. Lastly, the method of analogues is a self-
learning process, which allows for accuracy to improve with
the length of the time series (24, 33).
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