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ABSTRACT
A rich array of statistical methodologies is available for the early detection of epidemic
activity in biosurveillance systems. This alone raises the research question “Which is the
most appropriate methodology to use?”. It is not feasible to make detailed recommenda-
tions as to which method is “best”, because this depends critically on the specific details
of the application and implementation, as well as on its purpose and context. In this
work, baseline periodic regression models are fitted for establishing “normal behavior”,
and then based on an “anomaly detection scheme”, epidemic alert thresholds are produced
which can be used to perform real time surveillance. Real time surveillance though, is
often difficult to be fully achieved because of the seasonality involved in the time series.
Indeed, whenever the correlation structure of a series depends on the season, the time se-
ries involved fails to reach stationarity with all the associated modeling consequences. In
such situations, a useful class of models is that of periodic auto-regressive moving average
(PARMA) models allowing parameters that depend on season. Thus, in this work, we
also fit a general form as well as special cases of PARMA models, and via model selection
identification and likelihood-based techniques, the optimal model is selected. In addition,
several random meteorological factors associated with influenza-like illness syndrome are
also incorporated into the model structure. The derived results are satisfactory in both
cases examined (i.e. periodic regression and PARMA models succeeded in detecting the
beginning and end of the epidemic waves). Following a model selection pathway, the peri-
odic regression model chosen as the optimal one identified the pattern that best matches
the recent influenza activity for Greece for the period 2014− 2016 (based on 105 weekly
data for influenza-like illness) and outperformed typical forecasting models. Moreover,
improved baseline modeling via PARMA models and subsequent reduction of residual
errors, led to improved outbreak detection.

Keywords: Statistical Modeling, Model Selection, Periodic Regression Analysis, Mixed
Periodic Autoregressive Moving Average Models, Time Series, Outbreaks.
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1. INTRODUCTION

The health of the population is a valuable commodity in the center of interest
of society and health services (13). Epidemiological surveillance is a dynamic
scientific activity which continuously progresses and constitutes a specific sector
of biosurveillance related solely to the human population. The modern definition
of epidemiological surveillance includes aspects such as controlling the validity
of data, analyzing data via advanced statistical methods as well as extracting
safe conclusions with scientific and methodological adequacy (4). The need for
timely and accurate prediction of an epidemic wave has led to the implementation
of statistical routine methods to detect outbreaks in epidemiological surveillance
systems in several European countries (5) and Centers for Disease Control and
Prevention (CDC).

Various statistical methodologies are available for the early detection of epi-
demic activity in epidemiological surveillance systems. However, detailed recom-
mendations as to which method is the “best” is not possible, since this depends
critically on the specific details of the application and implementation, as well
as its purpose and context. The two main goals of this paper are firstly to de-
velop novel regression approaches (within this framework, Serfling-type periodic
regression models and mixed periodic auto-regressive moving average regression
(PARMA) models that work best for monitoring processes will be developed), and
secondly to compare and evaluate the developed methodologies via a retrospective
analysis of time series of epidemiological data. Note that for computational pur-
poses the automated Pelat et al. software ( https://periodic.sentiweb.fr/)
has been adopted and properly adjusted. The desired results based on 105 weekly
data for influenza-like illness (ILI) for Greece for the period 2014 − 2016, are
satisfactory in both cases examined (i.e. periodic regression and mixed PARMA
models succeeded in detecting the beginning and end of the epidemic waves). Fol-
lowing a model selection pathway, the periodic regression model chosen as the
optimal one (in both cases examined) identified the pattern that best matches the
recent influenza activity and outperformed typical forecasting models. Moreover,
improved baseline modeling via mixed PARMA models and subsequent reduction
of residual errors, led to improved outbreak detection.

The rest of this paper is organized as follows. In Section 2., we discuss the
motivation of this paper, present the research methodology and describe the stages
and concepts employed in this work. In Section 3., we conduct an extended
empirical study including model identification and evaluation. Finally, in Section
4., the obtained results are discussed and some concluding remarks are made.
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2. METHODS

2.1 Motivation

During the past decade, a widespread implementation and use of several sta-
tistical modeling techniques for epidemiological surveillance purposes is observed.
In the relevant areas of biostatistics and biosurveillance, we find several detailed
reviews of these statistical methods in the recent literature, such as those of Sones-
son and Bock in (12), Farrington and Andrews in (3), Buckeridge et al. in (1),
Shmueli and Burkom in (11), Unkel et al. in (14), and Ozonoff et al. in (7).

A commonly used fully parametric regression model for outbreak detection
is based on that of Serfling in (10). Serfling made use of a trigonometric func-
tion with linear trend, assuming Gaussian white noise errors, in order to model
historical baselines. Pelat et al. in (9) developed an automated version of the
Serfling’s model with cubic trend and three trigonometric terms for prospective
and retrospective surveillance.

Parpoula et al. in (8), developed Serfling-type periodic regressions models and
compared their performance to typical forecasting models, concluding that a pe-
riodic regression model with quadratic trend, annual, semi-annual and quarterly
periodicity, as well as a moving average model of three terms had almost simi-
lar performance (with the former one to be slightly superior). Motivated by the
aforementioned results, Kalligeris et al. in (6) incorporated in one model struc-
ture trend and seasonality components of a periodic regression model as well as
moving average and autoregressive terms. Additionally, they incorporated ran-
dom meteorological covariates into the aforementioned model structure, and this
resulted in a novel class of models called as mixed PARMA models. In this paper,
we conduct a comparative study in order to examine how these periodic regres-
sion modeling techniques perform for modeling effectively influenza morbidity and
evaluate them in terms of prediction performance.

2.2 Research Methodology

There are two types of analysis for surveillance times series:
a. Prospective assuming that only observations made prior to the time of the

detection are available to the detection algorithm. It is useful for monitoring
incoming public health data streams in an online fashion and

b. Retrospective for which the entire set of the observations is available to the
detection algorithms. It is useful primarily for offline analysis of historical
data.

This study focuses on epidemic detection and quantification from time series
data. Four steps are necessary to be followed in such a case:
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1. Determination of the training period: following Pelat et al. in (9), we con-
ducted a retrospective analysis, making use of all available two year histori-
cal weekly influenza-like illness (ILI) data, in order to estimate the baseline
level.

2. Purge of the training period: we selected to exclude the 15% highest obser-
vations from the training period (that is the default value selected by Pelat
et al. in (9)) so that the baseline level is estimated from truly non epidemic
data.

3. Estimation of the regression equation: a periodic regression model is fitted to
the training data. Selection of the best fitting model is made possible by an
exhaustive search and selection process which is relied on Analysis Of Vari-
ance (ANOVA) comparison (significance level is chosen to be 0.05) to select
between nested models, and on Akaike’s Criterion (AIC), or on Schwarz’s
Bayesian Information Criterion (BIC), to select between non-nested models.

4. Epidemic alert notification: epidemic thresholds are obtained by taking the
upper 95th percentile for the prediction distribution (2), and an epidemic
is declared when 2 weekly successive observations are above the estimated
threshold.

For a more detailed explanation of the above 4–step procedure, the interested
reader may refer to (6) and (9).

3. MODEL IDENTIFICATION AND RESULTS

In Greece, since 1999, a system of epidemiological surveillance (sentinel surveil-
lance system) is in operation. Through the sentinel system, the evolution of the
frequency of certain diseases is recorded, based on clinical diagnoses. This paper
deals with one of the main syndromes under surveillance namely, influenza-like
illness (ILI). In this direction, 105 weekly ILI rate data (September 29, 2014 to
October 2, 2016), were analyzed in order to determine the signaled start and
end weeks for the past two seasonal influenza outbreaks. In addition, optimal
empirical epidemic thresholds are being established.

In the regression equation, the trend was modeled considering a polynomial
of 3rd degree, and the seasonality was modeled using sine and cosine terms with
period one year, six months and three months. The following equation represents
the full form of the model:

Y (t) = α0 + α1t+ α2t
2 + α3t

3 + γ1 cos(
2πt

n
) + δ1 sin(

2πt

n
)
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+γ2 cos(
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) + δ3 sin(

8πt

n
) + ε(t), (1)

where Y (t) are the observed time series values (weekly ILI rate), ε(t) are centered
zero-mean random variables with variance σ2, n denotes the number of observa-
tions within on year (n = 52.179 = (4 x 365+1)/(4 x 7)) based on (9)), and model
coefficients are estimated by least squares regression. It is worth to be noted here,
that we also examined all models which are nested within the one presented in
Eq.1.
Through an exhaustive process, using ANOVA comparisons and AIC, BIC infor-
mation criteria (see (8)), the best fitting model was selected to be M23, with
quadratic trend, and annual, semi-annual and quarterly periodic terms, described
as follows:

Y (t) = α0 + α1t+ α2t
2 + γ1 cos(
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) + δ1 sin(

2πt

n
)

+γ2 cos(
4πt

n
) + δ2 sin(

4πt

n
) + γ3 cos(

8πt

n
) + δ3 sin(
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Additionally, using evaluation criteria such as the Root Mean Squared Error
(RMSE), AIC, and BIC, the forecasting capability of the selected model (M23)
was examined in contrast to typical trend or/and seasonality detection models,
i.e., a linear trend (LT), a moving average of 3 terms (MA3), an exponential
smoothing (SES), a Holt’s model, a Brown’s model, a Winter’s model, and the
standard CDC algorithm for flu detection (Serfling’s model).

According to this comparative study, M23 model was found to be more ac-
curate (in terms of RMSE values) than the rest of the models under comparison.
Also, based on AIC and BIC criteria, M23 has the smaller and second smaller
value, respectively and thus, it suits best to the dataset, with the MA3 being a
strong competitor (smaller BIC value, and satisfactory AIC and RMSE values).
The interested reader may refer to (8) for more details about the parameters used
for each forecasting model considered, and all derived performance criteria values.

The above results, motivated Kalligeris et al. in (6) to incorporate into the full
form of the model described in Eq. 1, Auto-regressive Moving Average (ARMA)
terms. Random meteorological covariates (12 covariates related to wind speed,
direction and temperature), were also included in the model structure, thus the
resulting model is a mixed PARMA(2,2), described as follows:
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+φ1yt−1 + φ2yt−2 + εt + λ1εt−1 + λ2εt−2

+ζ1minwd + ζ2maxwd + ζ3medianwd + ζ4meanwd

+θ1minwf + θ2maxwf + θ3medianwf + θ4meanwf

+ω1mintemp + ω2maxtemp + ω3mediantemp + ω4meantemp. (3)

Following the same exhaustive search process (as previously described), the model
chosen as optimal was the simplest one, that is a mixed model with a linear trend,
12-month seasonal periodicity, ARMA(2,1) terms and the minimum temperature
as the only significant random meteorological covariate (see also Table 1), labeled
as MXM11 and defined as follows:

yt = α0 + α1t+ γ1cos

(
2πt

n

)
+ δ1sin

(
2πt

n

)
+ φ1yt−1

+φ2yt−2 + εt + λ1εt−1 + ω1mintemp. (4)

Table 1: Models Selected Through the Algorithm Pathway

Ta Pb ARMA LVc ICd

MXMe t t2 t3 t4 1 yf 6 mg 3 m AR(1) AR(2) MA(1) MTh AIC BIC
MXM11 * * * * * * 409.31 429.29
MXM12 * * * * * * * 406.96 431.37
MXM13 * * * * * * * * 406.56 435.42
MXM21 * * * * * * * 410.72 432.92
MXM22 * * * * * * * * 408.49 435.11
MXM23 * * * * * * * * * 408.17 439.24
MXM31 * * * * * * * * 403.82 428.23
MXM32 * * * * * * * * * 402.83 431.67
MXM33 * * * * * * * * * * 401.04 434.33
MXM41 * * * * * * * * * 405.56 432.19
MXM42 * * * * * * * * * * 403.90 434.97
MXM43 * * * * * * * * * * * 402.48 437.98
a “T”denotes Trend;
b “P”denotes Periodicity;
c “LV”denotes Latent Variable;
d “IC”denotes Information Criterion;
e “MXM”denotes Mixed Model;
f “y”denotes Year ;
g “m”denotes Months;
h “MT”denotes Minimum Temperature.

Fig. 1 represents the behaviour of minimum temperature, which was calcu-
lated via averaging the minimum daily measurements of each week for a total of
105 weeks for 2014−2016 in Greece (daily data provided by the Hellenic National
Meteorological Service).
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Figure 1: Weekly minimum temperature measurements for Greece, week40/2014-
week39/2016.

We then conducted a further comparative study in order to evaluate the three
models identified to perform well for modeling influenza morbidity, i.e., MXM11,
M23 and MA3. Table 2 shows that MXM11 clearly outperforms M23 and MA3,
since it succeeds a significant improvement of RMSE, AIC and BIC values.

Table 2: Comparative Performance of Forecasting Models

Model RMSE AIC BIC

MXM11 4.30 409.31 429.29
M23 12.02 547.89 572.77
MA3 13.51 554.72 565.33

Table 3: Retrospective Evaluation of the Excess Influenza Morbidity, Greece 2014-16

SW a EW a Cases Expected cases Excess cases Excess percentage

201501 201512 1151 891 260 29%
201605 201608 316 225 91 40%
a SW and EW denote the signaled start and end weeks for epidemics, respectively.

Figure 2: Detected epidemics for influenza-like syndrome cases per 1,000 visits (ILI
rate) in Greece 2014− 2016.
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Fig. 2 illustrates the plots of the observed ILI rate, the predicted baseline level
and the estimated epidemic threshold for each time period under study. The epi-
demics detected by the selected model (MXM11) appear in light red polygons.
Table 3, presents the dates and the results of the retrospective evaluation of the
excess influenza morbidity in Greece for 2014 − 2016 along with excess percent-
ages, using the MXM11 periodic regression mixed model. The excess morbidity
is defined as the cumulative difference between observations and baseline over the
entire epidemic period. Excess percentages were calculated as the observed size
divided by the sum of expected values throughout each epidemic.

4. CONCLUSION

Conclusively, in this study, we conducted a retrospective analysis of epidemio-
logical time series data (week40/2014 to week39/2016) for Greece. We developed
an alternative approach in order to model seasonality of influenza morbidity, based
on a periodic regression model which incorporates autoregressive and moving av-
erage components into Serfling’s model, including also random meteorological
covariates (known to be related to influenza activity) with the ultimate aim of
the early and accurate outbreak detection. The model finally selected (via an
exhaustive search process) as the optimal one succeeded in estimating accurately
the influenza-like syndrome morbidity burden in Greece for the period 2014−2016
as well as the duration of the epidemic waves. Improved baseline modeling via
mixed PARMA models’ approach, led to subsequent reduction of residual errors
and improved outbreak detection. Within this framework, the present work pro-
vided general recommendations to serve critical needs of Public Health for the
very early and accurate detection of epidemic activity.

ΠΕΡΙΛΗΨΗ

Μια πλούσια ποικιλία στατιστικών μεθοδολογιών υφίσταται για την έγκαιρη ανίχνευση της

επιδημικής δραστηριότητας στα συστήματα βιοεπιτήρησης. ΄Ετσι τίθεται το ερευνητικό ε-

ρώτημα ‘Ποια είναι η πλέον ενδεδειγμένη μεθοδολογία;’. Δεν είναι εφικτό να κάνουμε λε-

πτομερείς συστάσεις ως προς την ‘καλύτερη’ μέθοδο καθώς αυτό εξαρτάται κυρίως από τις

λεπτομέρειες της εκάστοτε εφαρμογής, καθώς και από το σκοπό και το πλαίσιό της. Σε αυ-

τή τη μελέτη, βασικά μοντέλα περιοδικής παλινδρόμησης προσαρμόζονται για την καθιέρωση

της κανονικής συμπεριφοράς και στη συνέχεια βασιζόμενοι σε ένα ‘σχήμα ανίχνευσης ανω-

μαλιών’, παράγονται όρια επιδημικής προειδοποίησης τα οποία μπορούν να χρησιμοποιηθούν

για την επιτήρηση σε πραγματικό χρόνο. Ωστόσο, η παρακολούθηση σε πραγματικό χρό-

νο είναι συχνά δύσκολο να επιτευχθεί πλήρως λόγω της εποχικότητας που εμπλέκεται στις

χρονολογικές σειρές. Πράγματι, κάθε φορά που η δομή συσχέτισης μιας σειράς εξαρτάται

από την εποχή, οι χρονολογικές σειρές αποτυγχάνουν να φτάσουν σε στάσιμη κατάσταση

με ο,τι αυτό συνεπάγεται ως προς τη μοντελοποίησή τους. Σε τέτοιες καταστάσεις, μια χρή-

σιμη κλάση μοντέλων είναι αυτή των περιοδικών μοντέλων αυτοπαλίνδρομου κινητού μέσου

(PARMA) που επιτρέπουν παραμέτρους που εξαρτώνται από την εποχή. ΄Ετσι, σε αυτή

την εργασία, προσαρμόζουμε μια γενική μορφή καθώς και ειδικές περιπτώσεις των PARMA
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μοντέλων, και μέσω της μεθόδου επιλογής μοντέλων και τεχνικών βασιζόμενων στην πιθα-

νοφάνεια, επιλέγεται το βέλτιστο μοντέλο. Επιπλέον, τυχαίοι μετεωρολογικοί παράγοντες

που σχετίζονται με το σύνδρομο της γριπώδους συνδρομής ενσωματώνονται επίσης στη δομή

του μοντέλου. Τα προκύπτοντα αποτελέσματα είναι ικανοποιητικά και στις δύο περιπτώσεις

που εξετάστηκαν (δηλαδή περιοδική παλινδρόμηση και τα μοντέλα PARMA κατάφεραν να

ανιχνεύσουν την αρχή και το τέλος των επιδημικών κυμάτων). Ακολουθώντας ένα ‘μονοπάτι’

επιλογής μοντέλου, το μοντέλο περιοδικής παλινδρόμησης που επιλέχθηκε ως το βέλτιστο,

αναγνώρισε με βάση 105 εβδομαδιαία δεδομένα γρίπης για την περίοδο 2014-2016 το πρότυπο

που ταιριάζει καλύτερα στην πρόσφατη δραστηριότητα της γρίπης για την Ελλάδα και υπε-

ρέχει τυπικών προβλεπτικών μεθόδων. Επιπλέον, η βελτιωμένη μοντελοποίηση της γραμμής

βάσης (baseline) μέσω των μοντέλων PARMA και η επακόλουθη μείωση των καταλοίπων

οδήγησαν στη βελτίωση της ανίχνευσης των επιδημικών εξάρσεων.
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