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Abstract— In this paper we present a Decision Support Syste
(DSS) aimed at forecasting high demand of admissioon health
care structures due to environmental pollution. The
computational engine of the DSS is based on Autoreggsive
Hidden Markov Models (AHMM). We estimate the forecasting
model by analyzing the historical daily average carentrations of
pollutants and the number of hospital admissions,ailected from
multiple data sources. Given the actual concentratin of different
pollutants, measured by a network of sensors, theEs allows to
forecast the demand of hospital admissions for aceitdiseases in
the following 1 to 6 days. We tested our system ooardio-
vascular and respiratory diseases in the area of N&in. The
performances of our system, compared with multiplelinear
regression, show that AHMM are a robust approach tocapture
the connections among health and environmental indators.
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purpose we considered a particular type of stadgeespnodel,
namely Autoregressive Hidden Markov Model (AHMMecS
Il gives an overview of the current state of thd ar
environmental and health studies. Sect. lll outlitree software
and functional architecture of our DSS. Sect. \dévoted to
describe our case study: air pollution in the tosinMilan.
Sect. V presents experiments result, comparingdtiaracy of
AHMM with the traditional Multiple Linear Regressio Sect.
VI discusses conclusions and future work.

Il.  STATE OFTHE ART

The WHO quality guidelines [1] assert that healffects
from exposure to air pollutants may vary from irased
premature deaths [2] to aggravation of respiratayd
cardiovascular illness, as decreased lung functemd
symptomatic effects (e.g. acute bronchitis), nevsesaof
chronic bronchitis and heart attacks. These effeats
particularly observed in children, elderly [3] amlividuals
with heart or lung conditions, leading to hosp#ations and

The evaluation of the quality of the environment isaccess to emergency services. In this paper wes foouthe

important for health impact assessment, whichiin isi crucial
for taking actions for protecting the public healthlany
epidemiological studies have shown that acute oorsb
health effects can be associated with high conagomis of
environment pollutants. This paper stems from thgearch
project LENVIS (ocalised ENVironmental and health

Information Services for all) aimed at designing a Decision

Support System (DSS) based on statistical learAihg. main
aim of the project is to leverage on-line environtaé
monitoring into alerts during episodic pollutioneews, in order
to inform people of the current environmental situg give
warnings to health care providers about peaks queasts of
hospitalization, support public authorities in diegy which
actions have to be carried out (e.g. prevent rizskseducing
excess pollution and minimizing exposure, prepasplhals to
peaks of emergency admissions).

The case study considered in this paper is focosedir
quality whose data are collected through a netwofk
monitoring stations which measure the daily corregiain of
pollutants in the urban area of Milan. These datgether with
the data regarding hospital admissions in the sarea, are
used to build a forecasting model for predicting ttumber of
hospital admission requests in the next 1 to 6 .d&gs this
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typical health effects of air pollution: respiratodiseases
(asthma) and cardio-vascular diseases (myocandfiatction,

ischemic cardiopathy, deep vein thrombosis). Thaneotions
among pollution and health have already been aseden a
number of epidemiological studies, mainly focused o
statistical analysis [4][5][6]. We use the findingg these
studies to identify the most relevant pathologmsreover, i.e.
to correlate peaks of hospitalization and pollutlerels, is
different and consequently our methods are diffefeom

those of epidemiological studies. Notably, we do meed to
use dose-response relationships. The key compooérasr

approach is time series analysis, in order to wstded how
hospitalization levels change in a specific areaiapollution

levels fluctuate. The primary advantage of timeesestudies is
that many factors that could potentially confounbe t
association between air pollution and health arestzmt during
the study period and are therefore not relevarg.drly factors
likely to vary with daily mortality and morbidity ra

environmental and meteorological conditions, whighically

are accounted for in the statistical analysis.

A number of techniques have been developed for the

prediction of pollutant concentrations or healtdigators [7].
Essentially, forecasting approaches can be groumpechpirical



models, fuzzy logic based systems, data drivenistta
models and model-driven statistical learning meshod/e
focus on this last category, to which belong stptece models
and Bayesian networks. In particular, we analyzstohical
data to infer a mathematical model that links \@&a and can
be used in subsequent analysis. The “learning flata” and
the probabilistic links among quantities make modeVven
methods able to exploit patterns and relations tlaanot be
explicitly handled by rule-based or fuzzy logicsewms.
Furthermore, in contrast to the black box approscheh as
neural networks, the model-driven approach expliaieals
with observable variables and can be adapted toease
accuracy and answer complex and inter-temporal iegier
Consequently, model-driven methods can
outperform data-driven approaches.

I1l.  SYSTEM ARCHITECTURE

The objective of our DSS is to forecast demandsospital
admissions given the current pollution and to dagliv
information to e.g. public authorities and hospitedinagers.
The DSS operates in 3 phases, as shown in Figure 1.

integrated access to multiple, heterogeneous asiibdited
data sources. Its functionalities are: object-dgdn
representation of the types of data supported; mdion of
structured queries; return of the query result aearchable
and navigable data structure. It allows executir@gssource
gueries on temporal, spatial and logical intervalgyporting
data analysis and presentation activities. Eachryquiespite
the traditional SQL syntax, specifies a target hott the data
sources from which to extract the data. The platfaefines
the data types that the data sources can provaidh &ata type
is a structured object, containing multiple fielflsg. for a
sensor reading, the source of the data, the valllected, the
timestamp to which it refers etc.) and it is linkedother data

signifigantl types through hierarchical relations. Each quesp apecifies

the constraints on results (temporal intervalsueslof some
attributes...). This querying mechanism hides therogeneity
and distribution of the data sources. Moreover, ist
responsibility of the DIl to identify, select andiery all the
sources needed to reply to user requests andoagsepare and
present the output in the common format.

The DIl is fully extensible both in the type of soes and
integration mechanisms, giving access to relatiolaghbases,

« Access to the environmental and health data throughata warehouses, structured and semi-structured, detb

the data integration infrastructure;

» Training of the forecasting model (AHMM) through

analysis of historical data;

services etc. A fundamental feature is the podsittd reply to
qgueries not only accessing to persistent data lmat @asing
streaming data produced online by sensors (e.gsosen
networks) or by the models of the HIDSS describe®eéct.

» Forecast of the future value for health indicatorlll.b, which perform online inference (forecast).
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Figure 1. Workflow of our DSS

Figure 2. depicts the two main components of tretesy:
the Data Integration Infrastructure (DIl) and the Health
Impact Decision Support System (HIDSS), together with the
main data flows from data providers to the systéhe system
is implemented in Java and part of the computakiengine in
Matlab. External applications and user interfacestrol the
DSS and collect the outputs through web services ARl
(Application Programming Interfaces).

A. Infrastructure to support data access and integration

Input data are collected through web services awdl |
databases. The DIl is a software component thaviges
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Figure 2. Main components and data flows



We collect through the DIl the environmental data a
health indicators (Sect. IV.a and IV.b). For eaehies, we
obtain a scale-free summary of changes in thedlaiag time
by calculating théog-variation among two consecutive values
Vi andy, i.e.log(w/vi1). Log-variations are the observatians
for our AHMM (Sect Ill.b).

B. The Computational Engine: Hidden Markov Models

The core of our DSS is the computational engineilé\the
literature shows mostly the application of regressmodels,
the authors feel that the dynamic of the targetess is better
captured by probabilistic state-space models, namf@den
Markov Models (HMM) [8]. In fact, while statisticalnalysis
of time series, like multiple linear regressionp&sed on local
information and assumes stationarity, or weak atatity, of
the data, health data shows asymmetries betweenigend
decline periods and it is often difficult to digjinish between
long-term trends and noise. As result, a forecgstiodel is
valid only for a short period. It is then importait employ
models able to capture different trends and dynaligiswitch
among them while the environmental conditions ckang
Instead of considering a single global model, stspace
models are concerned which include adjusting sévecal
models for the different time series regimes.

When data are generated by a process that we can
directly observe, or is too complex, HMM allows agimg or
partially simplify its nature, focusing the attemtion the data
generation process, which is indeed our final dhjec A
HMM is a stochastic process whose evolution is goee by a
Markov Chain whose state variable can assume te finimber
of valuess, j=1,2,..,N, which are often callegtates and cannot
been directly observed. Each corresponds to one of the
possible “conditions” in which the process can Biee model
is characterized by a probability distribution ftre initial
value of the state(s), a set of state transition probabilitiés
whose elements;=P(s|s) measure the probability of being in
states at timet andg att+1. We applyAutoregressive HMM

(AHMM), a class of HMM which assumes that an observatior[112]_ The DBN in Figure 3.

depends on the current state and also on the pisgvigalues.
The formulation of the model is completed by a Bebf
Probability Density Functions (PDF) which descriliee
generation émission) of the observed values in each state. Th
observatioro; at timet is generated by according to:

0=b(0) = P(0{5,0:.1..0t) 1)

K subsequent observations are grouped in vectorighwh
define an autoregression process of opder
0, :zi"zl k=12..,K (2)

riok—i + ek '

Whereg is a Gaussian noise component, with zero mean

and variances®, and r; (i=1,2,..p) are the autoregression
coefficients. Note that, the PDF of the observedatde O for
states is a mixture oM components:

b,(0) =Y Cibn©), D0 Cn=1, ;20 (3)

Wherec, are a set of weight, whose sum is 1, p¢O) is
the observation density for stgtandm™ mixture component,
computed as follows:

b,,(0) = (ZK”]_K/Z ex;{—%d(o, rjm)] 4)
Where

901 =R ORO+23" R (HR() 5)
R,.0= > il imn. (Tiro=1), 15i<p (6)
R(') = Z::_Oi_lonom_l ’ 0§| Sp (7)

Iim iS the autoregression coefficient for st@temixture
componentm and elemenih of the autoregression process.
Rin(i) is the autocorrelation of the autoregression atieffts
for state j and mixture componenm and R(i) is the
autocorrelation of the observations.

The model is fully characterized by the set of paters
A=[x(s).a;,r;mR(i)], which have been estimated using the
customized version of the Baum-Welch algorithm dbsd in
[9]. Since there is no analytical process to egténtiae optimal
order p of the autoregression process, given a sequende of
training valuesv,..v, we estimate multiple autoregression
processed), for different p by maximizing the conditional
ndoitstribution f(vl..vT |¢9p) , i.e. their likelihood (MLE -

Maximum Likelihood Estimation). Then, we select the optimal
p through theAlC (Akaike Information Criterion) [10]. AIC is
the selection criterion applied commonly for itmplicity and
good performance [11]; it favours models with hidgelihood
while penalizing complex model structures. Theiafization
of autoregression parameters is performed by ainglythe
relationship between autoregression parameters ted
autocorrelation function of the observed data bivisg a
system of Yule-Walker equations [11].

There is a strong relation between HMM abDgnamic
Bayesian Networks (DBN), i.e. probabilistic models that allow
representing temporal dependencies among randoiabies
graphically represerttse
variables of an AHMM foIT observations: the basic structure
is repeated for every time step; the state variatfligences the
value observed at the same time, according to Iiisergation
fnodel B, and the state at time1 according to transition
model A. Figure 3. shows the feature of AHMM in waimi
unlike simple HMM, observations, andoy., are linked by the
autoregression process.

| Pt \\‘A

Figure 3. Graphical structure of the DBN representing an AHMM
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The formulation of AHMM described here can dealyonl
with uni-variate series. To manipulate multiple Iptaints and
health indicators at the same time we use multipdelels, one
for each series, as in [9]. We capture the relataomong series
by estimating the Cholesky decompositid®, of their
correlation matrix [12].

The output of learning is the “Health Model” (HMyhich
encapsulates the “probabilistic relations” that wé applied to
forecast health data. In the forecast phase, wumsnmput the
actual concentration of pollutants measured by aenghe
Health Model is applied to forecast health indicattor the
subsequent days. The generation of data is asmalleach
AHMM is applied to sample T data. For each titmd,2,..,T
we produce a vector of forecast (one value for esafes):
given the current staigwe sample the next state; according
to the state transition probability and the obsiowao, from

BOVISA -
AFFORI

the distribution b(O). Finally, as in [14], we restore the Figure 4. City map of Milan. Circles show air pollution moming stations

correlations among series by multiplying the fostsaat the
same time byRp.

IV. CASESTUDY: THE MILAN AREA

B. Health Data

The health indicator that we address in our amalissihe
daily number of hospitalizations in the town of &l for

We selected as case study the air pollution in th@liseases whose acute occurrence can be relateflutign. In

metropolitan area of Milan, which is the Italiarearwith the
highest population (0 in Europe), very high population
density and it is affected by air stagnation; laise conditions
have brought to considerable air pollution problerigis
represents the ideal test bed for our DSS, sinceaneobserve
a high number of pollution peaks.

A. Environmental Data

particular, two classes of disease have been mesid 1)
respiratory (asthma) and 2) cardio vascular (mydiabr
infarction, ischemic cardiopathy and deep vein titrosis).
These data are collected by the local governmenthef
Lombardy region and published on http://www.aleadcom

this source we extracted two data series, onedoh elass of
diseases, recording for each day of the periodaignlp98 —
December 2007 the number of persons that havedubaitted

We consider as environmental data the daily averag® hospitals in Milan, with a diagnosis in one diettwo

concentration of air pollutants. In the city of &fil are installed
9 monitoring stations whose position is shown ke ¢hicles in
the map of Figure 4. Each station is equipped withariable
number of sensors, for a total of 37 sensors inthale town.
Each sensor measures the concentration (in g one
among: benzene, nitrogen dioxide, sulphur dioxidarbon
monoxide, nitrogen oxide, total nitrogen oxide, mzoPM10
(Particulate  Matter), PM2.5, TSP (Total
Particulate). The station calculates each hour akerage
concentration and sends it to a control centre reviiee data
are manually validated to filter outliers and aggted to
obtain a daily measure. These data are publiclilsdbla at the

classes.

C. Experimental Setup

We grouped pollutants into three classes of homegen
substances; for each class we selected a reprirgerdaries,
resulting in 9 triples of series whose mutual datien
coefficient is <0.8. Each triple has been usedréaligt cardio-

Suspendedascular admissions and, separately, respiratoms.oifhe

resulting configurations of the experiments (E18Fare
detailed in TABLE I.

We analyzed series of about 3000 values. We datedni

web site of the environment protection agency oé th €xperimentally the optimal structure of the AHMMhish

Lombardy region (ARPA Lombardia).
http://www.arpalombardia.it/garia/doc_Richiestalzp. Most

of the data are available from the 80s-90s, bumtamy stations
some data are available only after year 2000, enaase from

2007. The series of historical data are not corapkhce some
stations have been under maintenance for monthawe been
switched off. In building the DSS, we had to tak&oi

consideration this feature, since not all the datées could be
analyzed together for a given time period.

achieves highest model likelihood with respect&ining data,
having 2 states, 5 mixture components and an arEssion
process with order variable from 2 to 5. In eacpegiment we
trained the model on a sliding window of 500 oba#ions and
we forecast the number of hospitalizations frono 16tdays.
For each series we measure the performance bylatahcuthe
Mean Absolute Percentage Error (MAPE) between the real
number of hospitalizations and the forecast produbgy
AHMM. In order to assess the model reliability, foeecast is
repeated 6 times for each model. We present thdtses
terms of global MAPE, calculated as mean of all thst
executed with the same series. For evaluating ¢nfoymance
of our forecasting model we used as benchmarkvtbiiple
Linear Regression (MLR) [15], a multivariate statistical
technique widely used to capture the linear coticeia



between some predictor variablgsv, ; (i.e. concentrations of
pollutants) and a single dependent variable (response

35.00

variable, i.e. health indicator). 30.00 .
25.00 = . N p
TABLE I. CONFIGURATION OFDATA SERIES INEACH EXPERIMENT 20.00
] 1500 | T 1 T 1 4
Pollutants Experiment / Pathology oo | £ . £ | I ) ¢ | R
Nitrogen oxides, Sulfur dioxide, PM 10 E1 Card.,Rsp. <00
Nitrogen oxides, Ozone, PM10 E3 Card., E4 Resp. o0
Nitrogen oxides, Carbon monoxide, PM 10 ES5 Carfl.REsp. T T L R [ [t P | R L T
Nitrogen OXideS, Benzene, PMlO E7 Card., E8 RESD. Max | 23.73|13.89 |23.18 | 14.21 (23.48 |14.31 | 23.35 | 28.05 | 22.84 | 10.53
Min 11.08 | 9.75 |11.35| 9.92 |(10.99 |10.26 |11.22 |12.39 |11.23 | 8.83
Nitrogen dioxide, Sulfur dioxide, Benzene E9 CaFl.D Resp. AMean|16.75 | 11.75 | 16.65 |12.20 | 16.15 | 11.97 | 16.49 | 19.64 | 15.86 | 9.55
Nitrogen dioxide, Sulfur dioxide, Total PM E11 Card12 Resp.
Nitrogen monoxide, Ozone, Total PM E13 Card., EB$[R Figure 5. MAPE of experiments E1..E9 on cardio-vascular dissa
Sulfur dioxide, Ozone, Carbon monoxide E15 Cardl§ Resp.
Ozone, Total PM, PM10 E17 Card., E18 Resp. 300
30.00
V. EXPERIMENTAL RESULTS | 1 1
The wide set of computational experiments perforinas ST ’
shown that AHMM achieve low average error on fostthan 0 1 L 4 L
MLR. In the DSS, these statistics can help the irsselecting e t
the “best” mix of pollutants, i.e. the set of senssevhose 1000 4 I ° 0
monitoring can give the low error in forecast aeade the best 00 ‘ ::
advice on health indicators. Figure 5. and Figursht®w the
results on cardio-vascular diseases; experimemtsAkMM %% TR [ e1n | e3m | E13n | e1sR | £1se | E1m | eavm
are labelled with K", for MLR with “R’. Each experiment is Max | 27.88 | 1431 | 27.50 | 1268 | 24.00 | 976 | 26.82 | 2208
constituted by multiple tests, as described in 8&ct for each AP et e | | e R e e
eXperIment We repOI’t the m|n|mum, max'mum and mra AMean| 18.10 10.95 18.28 10.65 16.47 7.42 18.05 16.49
value of MAPE. AHMM achieves a mean value from 4.4@
19.64, while the best result for MLR is 15.86. VEhMLR Figure 6. MAPE of experiments E11..E17 on cardio-vasculaeaies
achieves a relatively high error, which is approadety
constant in all the experiments, the result for AMMary 3500
depending on the experiment. This variation cama@ained *
by the nature of the learning process of AHMM. datf while 3000
MLR is a deterministic model, which can be traimeda small 2500 e ] f
quantity of data, training procedures for AHMM anen o0 '
deterministic optimization techniques; the qualitf the *
resulting model depends on the reaching of thel loexima 1500 FRE T §
and, definitively, on the nature of data. The perfance of 10.00 1
AHMM can be improved by executing multiple timese th ’ ° 4
learning process and selecting the maximum likehmodel, . .
or even changing the structure of the model andjtitity of 000 e T ean Tean T een T zen | can [ ean Tezon | eaom
data. Another remarkable feature of AHMM is thatnmost Max | 2563|2221 26.70 3276 2586 1819 2697|1493 2701 992
experiments the maximum and minimum value for MARE Min [14.43] 833 [14.51]13.34 14.31| 856 | 1442 345 [1471 3.57
diﬁerent tests iS Very Close to the mean; thlSWﬂﬂdhe AMean|19.86 | 15.27 | 20.24 | 23.84 | 19.57 | 13.27 | 20.50 | 9.28 |20.19 | 7.51

robustness of the approach, which demonstratesthbakow
error can be achieved in different conditions. Figure 7. MAPE of experiments E2..E10 on respiratory diseases
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10.00

5.00

0.00

E12R E12H E14R E14H E16R E16H E18R E18H

Max | 28.89 16.80 | 28.53 | 18.13 | 27.06 | 1653 | 28.74 | 27.15

Min 1497 | 10.84 | 1515 | 10.84 | 14.66 8.20 1539 | 13.52

20.81 13.84 | 2043 1438 | 2036 | 12.73 2101 21.10

Figure 8. MAPE of experiments E12..E18 on respiratory disgase

Figure 7. and Figure 8. show the MAPE in forecast
respiratory diseases. As for cardio-vascular, irstnoases the

MAPE for AHMM is lower than for MLR, ranging from.505
to 23.84 for AHMM and from 19.56 to 21.01 for MLRhe
variation among maximum and minimum MAPE in thd fes
each experiment is generally lower for AHMM, shogyias in
the previous case that this model can provide nztable
results.

VI. CONCLUSIONS ANDFUTURE WORK

In this paper we present a DSS for the collectidn
environmental and health data from multiple souwsas their
analysis through Autoregressive Hidden Markov Medéh
particular, given the measurements of the concimtreof
some pollutants in a given time period, the maijective is to
forecast the number of hospitalizations for acwtses of the
related pathologies. The results show that AHMMpetforms
traditional statistical methods in the forecast.

The interest in our work has been expressed begsainal
users represented by researchers of European sitis®in the
area of environment, computer science and heaithether
with medical staff of public hospitals. The
environmental and health information that is typycavailable
is related to diseases and epidemiological staistihis shows
that the short term link between environment aralthdnas not
been exploited yet. In fact, information is sometaravailable
on dedicated web sites, but in many case spedalizpers
and journals are the only source of informatiore Shbstantial
innovation of this paper is to provide an automatistem that
allows to have continuously updated forecasts altbet
demand for health services, i.e. hospitalizatiord @mergency
accesses..

Our work is still in progress: the links with exfernn
environment and health are supporting us in unaedstg the
data, choosing the models and interpreting resHtsther
analysis has to be performed in order to expangadssibilities

of data integration and the robustness of the soéw

O[e]

type of

components of the computational engine. We arealigtu
expanding the application field of our DSS to waieHution,
to monitor pathologies of the digestive system,nshkind
subcutaneous tissue.

ACKNOWLEDGMENTS

A special thanks goes to Prof. Daniela Mari, of the
University of Milan and IRCSS Istituto Auxologicdaliano,
which supported our work in the selection and jretation of
medical data, and Dr. Luca Grappiolo, of IRCSStusii
Auxologico Italiano, which provided us support hetdesign
of data collection procedures and the DII.

REFERENCES

[1] WHO, "Air quality guidelines - global update 2005Norld Health
Organization Publications, Bonn, Germany, Tech.. R#05.

[2] C. Arden Pope Ill, M. Ezzati and D. W. Dockery, ri€iparticulate air
pollution and life expectancy in the United Stdteie New England
Journal of Medicine, vol. 360, no. 4, pp. 376-386, Jan., 2009.

[3] S. Dubowsky Adar, D. R. Gold, B. A.Coull, J. SchtzaP. H. Stone and
H. Suh, "Focused exposures to airborne trafficiglagt and heart rate
variability in the elderly,'Epidemiology, vol. 18, pp. 95-103, 2007.

[4] G. A. Wellenius, J. Schwartz and M. A. MittlemarRalticulate air
pollution and hospital admissions for congestivarhéailure in seven
united states cities;The American journal of cardiology, vol. 97, no. 3,
pp. 404-408, 2006.

[5] M. Medina-Ramon, A. Zanobetti and J. Schwartz, "€ffect of ozone
and PM10 on hospital admissions for pneumonia &nohic obstructive
pulmonary disease: a national multicity studgrherican Journal of
Epidemiology, vol. 163, no. 6, pp. 579-588, 2006.

P. Bellini, M. Baccini, A. Biggeri and B. TerracjriiThe meta-analysis
of the ltalian studies on short-term effects of @atlution (MISA): old
and new issues on the interpretation of the stistevidences,"
Environmetrics, vol. 18, no. 3, pp. 219-229, 2007.

[7] M. Dong, D. Yang, Y. Kuang, D. He, S. Erdal andK&nski, "PM2.5
concentration prediction using hidden semi-Markoedei-based times
series data mining[Expert Systems with Applications, vol. 36, no. 5, pp.
9046-9055, 2009.

[8] L. R. Rabiner, "A tutorial on hidden markov modelad selected
applications in speech recognition,"Rnoc. of the |IEEE, 1989, pp. 257-
286.

[9] E. Messina and D. Toscani, "Hidden markov models doenario
generation,"IMA Journal of Management Mathematics, vol. 19, pp.
379-401, Oct., 2008.

H. Akaike, "Information theory and an extension tbhe maximum
likelihood principle,” in Proc. 2nd International Symposium on
Information Theory, 1973, pp. 267-281.

R. S. TsayAnalysis of financial time series, John Wiley & Sons, 2005.

S. Russell and P. Norvidirtificial Intelligence: A Modern Approach,

Prentice Hall, 2002.

N. J. Higham, "Computing the nearest correlatioririxia Manchester
Centre for Computational Mathematics, Manchestergléhd, Tech.
Rep. 389, 2000.

K. Hoyland, M. Kaut and S. W. Wallace, "A Heurisfior Moment-
Matching Scenario Generation,Computational Optimization and

Applications, vol. 24, no. 2-3, pp. 169-185, 2003.

[15] D. C. Montgomery, E. A. Peck and G. G. Viningtroduction to Linear

Regression Analysis, Wiley, 2006.

[10]
[11]
[12]

[13]

[14]



