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Abstract

Background: A topic that has received attention in both the statistical and
medical literature is the estimation of the probability of failure for endpoints that are
subject to competing risks. Methods of standard survival analysis such as the
complement of Kaplan-Meier (KM) for estimation of cumulative incidence curves (1-

.KM), the log-rank test for comparison of these curves, and the standard Cox model for
the assessment of covariates, are still used by medical researchers, however they lead to
biased and un interpretable results when an analysis focuses on time-to-first event in
scenarios where there are competing events. Metheds: in this article we compared these
standard survival methods with other alternative methods as the cumulative incidence
competing risks (CICR) curves, the Gray's test for comparing these curves, and the
competing risks regression model (CRR).The data used included 348 patients with
primary cancer of the oral cavity diagnosed at Tanta cancer center (TCC) during the
period 2003-2007, data were analyzed using R program. Objective: our main aim is to
attract the attention of medical researchers to use the appropriate statistical technique
according to the nature of the available data taking into consideration the presence of
the competing risks. Results: The incidence of each main outcome was overestimated
by the standard methods. The magnitude of overestimation varied with baseline patient
characteristics and follow-up duration, with most of this variation being related to the
rate of the competing event. Conclusien: Using specific techniques for the analysis of
competing risks will ensure that the results are unbiased and can be correctly
interpreted. ~

Keywords: Competing risk; Kaplan-Meier curve; Cumulative incidence; Survival data.

1- Intmdu,c_tjon

- Survival analysis is a collection of statistical procedures for data analysis for
which the outcome variable of interest is time until an event occurs, in other words it is
the analysis of data measured from a specific time of origin until an event of interest or
a specific endpoint [11].

The analysis of many time-to-event endpoints in various scientific disciplines,
particularly in the medical sciences, is complicated by the presence of competing risks.
The competing risk is defined as an event whose occurrence either precludes the
occurrence of another event under examination or fundamentally alters the probability
of occurrence of this other event [6].

Most survival analysis must consider a key analytical problem called censoring,
censoring occurs when some information about individual's survival time is available,
but the survival time exactly is not known. There are generally three reasons why
censoring may oceur, a person doesn’t experience the event befors the study ends, a
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person is lost to follow-up during the study period, or a person withdraws from the
study because of death (if death is not the event of mterest) or some other reason which
might be a competing risl [10].

When the data consist of patients who experience an event and censored
individuals, a nonparametric estimate of the cumulative incidence can be obtained using
the Kaplan—Meier method. Under this approach, the censoring mechanism is assumed to
be noninformative. In other words, the survival time of an individual (or the time at
which a subject experiences an event) is assumed to be independent of a mechanism that
would cause the patient to be censored. Often times, a patient may experience an event
(competing risk event) other than the one of interest which alters the probability of
experiencing the event of interest. In this setting, it would often be of interest to
calculate the cumulative incidence of a specific event of interest. Any subject who does

‘not experience the event of interest can be treated as censored. However, a patient
experiencing a competing risk event is censored in an informative manner. Hence, the
Kaplan—Meier estimation procedure may not be directly applicable. The cumulative
incidence function for an event of interest must be calculated by appropriately
accounting for the presence of competing risk events [16].

Methods for estimating the probability of failure for events that are subject to
competing risks are not new, and some work has been done in this area. Gooley T.A. et
al, (1999) estimated the probability of squamous cell carcinoma progression, in the head
and neck, by calculating 1-KM and CIC. The hazard of failure estimated from 1-KM at
that time was 0.58 while the hazard of failure from CIC was 0.46.The difference being
due to the patients who failed from the competing risk. Yan Y. et al (2000)compared
two methods of incidence estimates for AIDS related illnesses: one from unadjusted
Kaplan-Meier and Cox proportional hazards models which did not adjust for death from
competing risks (Model 1), and another from corresponding multiple decrement models
that adjusted for competing risks (Model 2).Model 1 incidence estimates can
substantially overestimate the occurrence of the diseases of interest; and the magnitude
of* overestimation depends on the follow-up time and the characteristics of study
subjects. Tai B.C. et al. (2001)compared four methods for estimating survival
probabilities, namely Kaplan Meier Ignore-all (KM-I), Kaplan-Meier Censor-all (KM-
C), Cumulative Incidence Curve Risk (CICR), and LunnMc-Neil Unstratified
approaches (LM-U). The estimates of the KM-I and KM-C methods, were consistently
larger as compared with the CICR rates; the LM-U method consistently produced
cumulative incidence rates that were comparable to the CICR. Alberti C, et al,
(2003)compared 3 methods, 1- event free survival (1-EFS), 1-KM and CIC for
estimating cumulative incidence for kidney graft loss with death before graft loss as
competing event. They indicated overestimation of graft loss by the 1 - KM method,
and the difference increased slightly with time. Satagepan JM et al, (2004) used two

+  published data sets to compare the two methods 1-KM versus the CIC in cumulative
incidence estimate. They concluded that the estimated cumulative incidence of an event
of interest derived using the Kaplan-Meier approach was, in general, larger than
estimates obtained when accounting for competing risks. Southern D.A. et al, (2006)
estimated time to coronary artery bypass grafting (CABG), with death as competing
event. They used ‘‘K-M censor all method,”” ““K-M censor death only method,” **K-M
ignore all method,” and the CICR method. They concluded that, the CICR method is
most appropriate, as KM methods will tend to overestimate event rates. Abdollah F. et
al {2011) estimated cancer specific mortality (CSM) and other-cause mortality (OCM)
rates in prostate cancer (PCa) patients. Cumulative incidence smoothed plots were
generated for CSM and OCM according to the competing-risks method. All statistical
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analyses were performed using the R statistical package. Their hypothesis staies that
significant CSM differences may exist according fto treatment iype. Because an
important proportion of PCa patients succumnb to other causes, they relied on
competing-risks analyses to estimate CSM and to compare it among different treatment
types. Campigotto F. et al (2012) studied the risk factors and the role of anticoagulants
in the management of venous thromboembolic events (VTE) in cancer patients. A
significant percentage of patients enrolled in these cancer-anticoagulant studies
ultimately die from their underlying illness. They concluded that analyzing these
cohorts based on Kaplan—Meier analysis is biased because study subjects who die prior
to the development of a VTE are censored.

Despite this, it is still quite common to see inappropriate methods used to
estimate such probabilities for endpoints that suffer from competing risks [3]. In
“particular, it is not unusual to see researchers utilize the complement of a Kaplan-Meier
estimate (1-KM) to represent the probability of occurrence of a specified endpoint, even
if the appropriate data contain competing-risk events. The common misuse of this
methodology, (1-KM), for estimation purposes stems from a lack of thorough
understanding among clinical researchers of the assumptions required to obtain
interpretable Kaplan-Meier estimates. A lack of knowledge concerning the mechanics
of calculating the cumulative incidence curves (CIC) estimates also likely contributes to
the misuse. Moreover, the computation of a CICR is currently not included in main
stream commercially available ready made statistical packages [6].

2- Methods for estimation of the survival probabilities

In this section, we describe estimating the survival probabilities or the
cumulative incidence for an event of interest in the presence of competing risk events.
We first review methods that have been suggested but which are not recommended such -
as survival at a fixed time point. At their worst, these methods can give a very
misleading impression of the true situation. One method is to report the proportion of
patients alive at a fixed time-point. Another possibility is only to use information on
those patients that have reached a fixed point in the observation time or that have died
before this time [12].

The Kaplan-Meier estimate of survival, also known as the product-limit
estimate, provides a nonparametric estimate of the overall survival probability of an
event of interest. The cumulative incidence is then calculated as one minus this survival
probability. Every patient in the data set has a follow-up time and status (event or
censored). The follow-up times where an event has occurred are ordered from the
smallest to the largest (noting that there can be ties since more than one patient may
have the event at the same follow-up time). Consider consecutive event times tj-1 and t;.
The Kaplan—Meier estimate of the overall survival probability up to event time t;
proceeds as follows. Let n; be the number of event-free individuals up to time ¢
Suppose d; events have occurred at time t;. The estimated survival probability at time ¢
is given by the ratio (nj-d;)/nj. The overall survival probability up to time t;, denoted
S(), is the probability of surviving up to and including time t;. Therefore, the overall
survival probability up to t; is estimated as the product of the probabilities of survival in
all the previous times: S(tj)=IT (ni- di)/ni = S(tj.1) x(ny-d;) /ny; where the product is over i
=1,..., j. The overall survival probability for any time between t;; and t; is the same as
S(t-1), the survival probability up io, but not including, t; [4, 8, 11, 16].

The cumulative incidence curve (CIC) is a nonparametric estimation of
cumulative incidence of the event of interest taking into account the informative nature
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of censoring due to competing risks [11] If competing risks are present, then hazards
for each of two types of failure exist. Therefore, the number of failures from the
competing risk will influence the number of failures from the cause of interesti, and
consequently the estimate of the probability of failure from this cause. Failures from the
competing risk reduce the number of patients at risk of failure from the cause of interest.

The step-by-step calculations to construct CIC are detailed below.
1- We first estimate the hazard at ordered time pointst; when the event of interest
() occurs. This hazard estimate is simply the number of events that occur at t;
divided by the number at risk at t; (analogous to the KM estimate). We can write

mcj

this as
hoit;) =
ORES

Where the mg denotes the number of events for risk ¢ at time t; and n; is the
number of subjects at that time. Thus, at any particular time, mg/n; is the
estimated proportion of subjects failing from risk ¢.

2- To be able to fail at time t;, the subject needs to be “around to fail”; that is, he
must have survived the previous time when a failure occurred. The probability
of surviving the previous time ti; is denoted S(tj-;), where S(t) denotes the
overall survival curve rather than the cause-specific survival curve Sc(t). We
must consider “overall” survival here, because the subject must have survived
all other competing events.

3- The probability (i.e., incidence) of failing from event-type ¢ at time t; is then
simply the probability of surviving the previous time period multiplied by

he(ty).

Ic(tj) =.S(Zf‘1) X k()
4- The cumulative incidence at time t; is then the cumulative sum up to time t;, (i.e.,
from j O =110 j O = j) of these incidence values over all event-type ¢ failure
times.

fo L
CICC(I’:]) _ Zﬂj=1 Ic(tjg)

= Z}[j:j_ g(tja—l) X hc(tjﬂ)(l)
Although, as previously mentioned, the CIC is equal to 1 - KM when there are no
competing risks, formula (1) for CICy(t;) differs from1 — KM, when there are competing
risks. In particular, the CIC formula (1) uses the overall survival function S(t) that
counts events from competing risks in addition to the event-type of interest as failures.
In contrast, the formula for 1 - KM uses the event-type-specific survival function S(t),
which treats failures from competing risks as censored observations; this formula has
been called the censor method [11, 16].

3- Application to Egyptian data

Our study comprised a retrospective cohort of 348 patients with primary cancer
of the oral cavity diagnosed at Tanta cancer center (TCC) during the period 2003-2007.
For survival analysis, the patients were followed from their date of diagnosis to early
2011. Survival is defined as the time from diagnosis until 31 May 2011(end or toliow
up period) or until death from cancer, whichever occurred first. Survival was censored if
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a patient was alive at the end of foliow-up, lost io follow-up, or withdrawn from the
study. Hihical approval for the study was given by the Research Ethical Cormiitee
(REC) of Ministry of Health and Population — Central Directorate for Research and
Health Development— and also from the Medical Research Ethics Committee (MREC)
of the National Research Center (NRC) Cairo-Egypt.

We first aimed the medical records of 479 patients diagnosed with primary
tumors of the oral cavity - coded according to the International Classification of
Diseases for Oncology, third edition (ICD-O-3 codes C00-C10) - who were admitted to
TCC between January 2003 and December 2007. Patients where there were no data
available on survival in their medical records, and those diagnosed with benign tumors
were excluded. Of the 479 patients 131 were excluded and the remaining 348 were

included in the study.

Information abstracted from patient records included age, sex, smoking status,
the date of diagnosis, basis on which diagnosis was made, primary tumor site, and
histopathological types were retrieved from histopathological reports (tumor type), and
laterality. National Cancer Institute’s (NCI) Surveillance, Epidemiology, and End
Results Program (SEER) Summary Staging of cancer was recorded, tumor grade
according to American Joint Committee on Cancer (AJCC). Different treatment
modalities (surgical, radiotherapy, chemotherapy, immune therapy, hormone therapy or

~any combinations) and the final dates of admission to the center were also recorded, as

were the cause of death, if it happened in hospital.

Table (1) shows the base line characteristics of the 348 cases included in the
study, the different variables used in the analysis with their categories and the reference
category for each variable is specified. The analyses were performed using the R
statistical software version 3.0.2 which is free sofiware available at http.//www.R-

project.org.

4- Analysis of results and conclusive remarks

In this survival analysis, the cases were followed for a maximum period of 84
months with mean and standard deviation (SD) of 13 (15.3) months, and with range of

- (0 — 84) month. First the KM survival estimates at 1, 2 and 5 years for each variable

were calculated as shown in table (2), and the log rank test was used to test the
significance among the different levels of each variable, with the p-values as shown in
the last column of table (2).

The overall 12 months KM survival was (68.1%), 24 months survival was
(51.7%), and the 60 months survival was (28.2%), with the median over all survival of
31 months. Recall that in the KM method those who died of other cause were censored
as those who were alive, lost to follow-up, withdrawn at their censored times or by the
end of follow-up period which ever occurred first.

From the results recorded in table (2), it was shown that there was a high
statistical significance among the different treatment modalities with p-value = 0.000.
The different tumor sites showed statistical significance with p-value = 0.001, also

different tumor stages revealed statistical significance with p-value = 0.002.
Thedifferent age categories were statistically significant with p-value = 0.005. Different
smoking statuses showed also statistical = significance with p-value = 0.015.

Thesubgroups having different tumor grades were only marginally significant with p-
value = 0.0549.There was no statistical significance between males and females on
survival with p-value = 0.66.Concerning the laterality of the tumor, and the
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histopathological types, different subgroups were found to be highly non significant
with p-values = 0.716 and 0.959 respectively.

The cumulative incidence competing risk (CICR) estimates of the event of
interest (cancer death) were calculated in the presence of a competing risk (other cause
death) and comparing these CICR estimates among different groups in the presence of
competing risk using Grey’s test [7]. Then these CICR estimates were compared with
their counterparts of the standard survival analysis using the 1- KM approach as shown
in table (3).

The overall 12 months (CICR) estimates — calculated while considering those
who died of other causes as competing risk — was (30.7%), 24 months CI was (45.2%),
and the 60 months CI was (62.2%). While the overall 12 months cumulative event
incidence using the (1-KM) method was (31.9%), 24 months was (48.3%), and the 60

‘months was (71.8%). It is clear at this peint that the 1- KM overestimates the

cumulative incidence probabilities and the magnitude of overestimation increases
with time.

From the results recorded in table (3), it was shown that there was a high
statistical significance among the different treatment modalities with p-value = 0.000.
The least incidence estimate for cancer death of 40.5% at 2 years was recorded for those
who received combination of different treatment modalities, this estimate was smaller
than its counterpart using the 1-KM approach of 43.6%. CICR estimate at 5 years for
those who received combination was 53.5% which was smaller than those who took
single treatment option (70.3%), and also smaller than its counterpart using the 1-KM
approach of 61.9%.

Different tumor stages revealed statistical significance (p-value = 0.005), with
the least incidence rate of 32.7% at 2 years was recorded for those with localized tumor
stages, which was also smaller than its counterpart using the 1-KM approach of 33.7%.

The different age categories were statistically significant (p-value = 0.016), the
least CICR estimate of 34.1% at 2 years was recorded for patients less than 40 years of
age, this incidence estimate was smaller than that obtained using the 1-KM method
(34.6%).

- Different smoking statuses showed also statistical significance (p-value =
0.015), the least CICR estimate of 39.2% at 2 years was for the non smoker group,
which was smaller than its counterpart using the 1-KM approach of 43.1%.

The subgroups having different tumor grades were only marginally significant
with p-value = 0.049. There was no statistical significance between males and females
on survival with p-value = 0.96 Also different subgroups concerning tumor site, the
laterality of the tumor, and the histopathological type were highly non significant with
p-values = 0.117, 0.659 and 0.929 respectively.

From Table (3), on observation, even for predictors where there were no
significant effect between its levels on survival, it was noticed that the 1-KM
method always overestimate the cumulative incidence of an event of interest, the
magnitude of overestimation varied wath baseline patient characteristics and
follow-up duration.

On comparing the relative efficiency of CICR estimator relative to 1-KM
estimator for cumulative incidence of the event of interest (died from cancer
causes) in presense of a competing risk (died from other causes), the CICR
estimators was found to be more efficient as shown in table ().

‘After initial descriptive statistics, simple analyses of the relations between
survival and age, sex, smoking, primary site, grade, laterality, tumor stage, treatment
modalities, and histopathological type were evaluated using simple unadjusted Cox
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model. All variables are factors with a baseline {referrence category) specified for each
as shown in table (1), so each p-value provided in the 6™ column of table (5) represented .
a test for the difference of each level with respect to the baseline. An overall p-value for
each variable is required when modeling a factor with more than two levels as shown in
the 7™ column of table (5), it can be obtained through the Wald test.

The results of the simple analysis were shown in table (5). Sex, laterality and
type were not associated with survival and were highly non significant. Age, smoke,
site, treatment, and stage, however, related to survival. Tumor grade was only
marginally significant (p = 0.095).

From table (5) it can be seen that: younger patients survived longer (p-value =
0.006), with the hazard of those who were 60 years of age or more were twice the
hazard of those with less than 40 years (HR = 2.134, 95% CI = 1.1516 to 3.953).

Non smokers also enjoyed longer survival periods (p-value = 0.016), with the
hazard of smokers was 1.76 times that of non smokers (HR = 1,76, 95% CI = 1.1608 to
2.675).

Tumor site has statistically significant effect on survival (p-value = 0.005), with
the hazards of malignant neoplasms affecting the base of the tongue and the oropharynx
were much higher than the hazard of those affecting the lips, (HR = 8.7, 95% CI =
2.5804 t0 29.373) and (HR = 5.79, 95% CI = 1.8718 to 17.958) respectively.

Patients received no treatment were more likely to die sooner (p-value = 0.000),
with those who received combination had better prognosis than those who received no
treatment (HR = 0.3239, 95% CI = 0.193 to 0.5438). Also those who received single
treatment had better prognosis than those who received no treatment (HR = 0.4366,
95% CI = 0.248 to 0.7689),

Tumor stage was a statistically significant predictor on survival (p-value =
0.002), with the hazard of those who had distant metastasis was 2.78 times the hazard
for localized tumors (HR = 2.788, 95% CI = 1.528 to 5.088).

The results of fitting simple unadjusted competing risk regression CRR model to
show the effect of the independent variables on survival were shown in table (6) using
unadjusted Fine and Grey subdistribution hazard model [5]. Sex, site, laterality and type
were. not associated with survival. Age, smoke, grade, treatment, and stage, however,
had statistical significant effect on survival with p-values equal to 0.014, 0.023, 0.0,
0.000 and 0.006 respectively.

Older people faced worse prognosis than younger ones. The hazard of those who
were 60 years of age or more were almost twice the hazard of those with less than 40
years (HR = 1.85, 95% CI = 1.028 to0 3.34).

Also smokers had worse prognosis than non smokers, with the hazard of
smokers was 1.71 times that of non smokers (HR = 1.71, 95% CI = 1.13 to0 2.58).

Patients who developed tumors of grade IV and V had higher hazards compared
to those developed grade I (HR = 3.908, 95% CI=1.585 to 9.64) and (HR = 9.537, 95%
CI=5.706 to 15.94) respectively. ‘

Patients who received combination of different treatment options had better
prognosis than those who received no treatment (HR = 0.339, 95% CI = 0.202 to 0.566).
Also those who received single treatment had better prognosis than those who received
no treatment (HR = 0.445, 95% CI = 0.253 to 0.785).

Patients who developed distant metastasis had worse prognosis than those with
localized tumors (HR = 2.62, 95% CI = 1.439 to 4.78).

At this stage when comparing the relative efficiency of the estimators from
simple unadjusted CRR models relative to those estimators obtained from simple




The 48™ As

£ N P

unadjusted Cox, it was found that the CRR estimators were more efficient as shown in
table (7).

In clinical studies, we often seek to estimate the incidence of an event of interest.
However, in addition to this event of interest, the patients are usually exposed to other
events that can preclude occurrence of the event of interest, for instance by causing
death. This competing-risk setting is extremely common in the medical literature. The
KM method is still widely used to estimate the incidence of an event of interest in
competing-risk settings. It provides an estimate of failure over time when patients who
could not have developed the event of interest at the time of analysis are censored. In
many settings where patients are followed for the occurrence of the disease of interest,
there are two types of censoring, informative and noninformative. Censoring is

noninformative for those who are alive without disease at the end of the study if
‘enrollment date is independent of the disease progression, and for those who are lost
during follow up if the underlying reason is not related to the disease of interest.
However, censoring is informative for those who die previous to developing the disease
because we know those patients will never develop the disease. Censoring those who
die without the development of the disease does not make any biological sense, and
violates the underlying assumption for valid Kaplan-Meier incidence estimates and the
analogous Cox proportional hazards model incidence estimates [6].

Although the KM method was first developed to analyze a single time-related
event such as death, two KM-based approaches were subsequently considered to hold
appeal for analyzing competing-risk data. One of these approaches equates all
competing events to the event of interest, thus yielding the complement of event-free
survival (1-EFS). The other most widely used KM-based approach censors patients in
whom competing events occur, together with those who remain free of the event of
interest at the end of follow-up (i.e., who are withdrawn prematurely or lost to follow-
up. However, the resulting 1-KM curves are misleading, because they rest on the
assumption that time to censoring and time to failure are independent [2,17] .

In real-life settings, where patients are exposed to many competing risks, the CI
estimate has been proposed as the appropriate tool for estimating the incidence of any
event [1,13,15]. Indeed, such curves provide straightforward probabilities that are easily
understood by practitioners. The CI estimate corrects the overestimation observed with
the 1-KM method. This overestimation can be large when many patients experience
competing events before the event of interest, also the magnitude of overestimation
depends on the follow-up time and the characteristics of study subjects. Nevertheless,
overestimation of the incidence of an outcome of interest can have detrimental
consequences. When comparing the incidence of events among patient subgroups, if the
overestimation with the 1-KM method is of greater magnitude in one subgroup, the
comparison could be biased [19, 20]. When follow-up time is short, or if the competing
risk is low, the difference between traditional survival analysis and competing risk
approach may not be substantial.

In summary, when estimating the incidence of an event of interest over time
based on censored data in a competing risk setting, one should keep in mind that 1-KM,
1-EFS, and CI curves address different questions. The 1-KM curve tells us the
probability of the event of interest assuming that there is no risk of death before that
event (as patients who die before the event are censored), and the 1-EFS curve gives us
the probability of survival free of event (as the event and death unrelated to the event
are lumped together). For estimating the actual probability of an event in a competing-
risk setting, the CI method that estimates the actual proportion of patients experiencing
the event of interest, is the best tool [2].

8



Om conclusion: faillures from the competing risk reduce the number of patients
at risk of failure from the cause of interest. The Kaplan-Meier approach overestimates
the probability of failure and therefore overestimates the cumulative incidence function.
On the other hand, the competing risk approach treats a competing event as an actual
event rather than a censored observation. We conclude that the Kaplan—Meier analysis
is an inappropriate statistical methodology when patients are subjected to competing

risks.

Table (1):Base line data.

Variable No. (%) Variable No.(%)

sex Basis of Diagnosis

. male® 204 (58.6) Clinical only 3.¢0.9)

female 144 (41.4) Cytology / Hematology 9(2.6)

Age (years) Histopathology of Metastasis 4 (1.1)

<40* 54 (15.5) Histopathology of Primary 332 (95.4)
40 -39 126 (36.2) | Tumor Grade
>60 168(48.3) Grade I* 60(17.2)

Smoking Status Grade I 138 (39.7)
non smoker® 137(39.4) Grade I 26 (7.3)
smoker 99 (28.4) Grade IV 5(1.4)
Unknown 112 (32.2) Grade V, T-cell 1(0.3)

Primary Tumor Site Grade VI, B-cell 6(1.7)
MN#* of Lip? 32.(14.9) Unspecified 112 (32.2)
* of base of Tongue 6(1.7) Laterality
MN* of other & unspecified parts of tongue 67(19.3) Not paired® 158 (45.4)
MN# of Gum 52.(14.9) Unilateral 179.¢51.4)
MN* of Floor of the Mouth 8(2.3) Bilateral 2(0.6)
MN* of Palate 15(4.3) Unknown / Midline 9(2.6)
MN* ofother& unspecified parts of Mouth 38(10.9) Treatment Modalities
MN*of Parotid Gland 44 (12.6) None given® 41(11.8)
MN* of other & unspecified parts of MSG** 16 (4.6) Single treatment 137.(39.4)
MN* of Tonsils 42 (12.1) Combination 170 (48.8)
MN#* of Oropharynx 8(2.3) Patient Status

SEER Stage ‘ Dead 150 (43.1)

Localized® (Stage I Lymphoma) 143 (41D Alive 140(40.2)
Regional 138 (39.7) Lost to follow 58 (16.7)
Distant (St.III, IV Lymphoma) 31(8.9) Cause of Death
Unknown 36.(10.3) Cancer 116 (33.3)

Histopathological type Other 34 (9.8)

SCC#x 193 (53.5)
Non- SCC 155 (44.5)

* MN: Malignant neoplasm, **MSG: major salivary glands, *** SCC: Squamous cell carcinoma, * Reference

category.
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Table (2). The unadjusied KM survival estimaies and comparing them across sirata using log rank test,

N Survival Rates %

Variable 12 months 24 months 60 months ~ ©-value
Sex :
Male 204 654 50.9 331 0.66
Female 144 71.3 52.7 25.4
Age
<40 54 81.9 65.4 NA 0.005
40-59 126 76.0 574 33.0 e
>= 60 168 58.0 43.2 20.9
Smoke
Non smoker 137 734 56.9 33.6 015
Smoker 99 54.6 43.1 19.3
Unknown 112 76.2 54.1 33.0
Tumor Grade
1 60 83.0 70.9 NA
o 138 63.9 41.9 26.3
m 26 68.2 . 546 NA 0.0549
v 5 60.0 NA NA -
v 1 NA NA NA
VI 6 75.0 75.0 NA
Unspecified 112 67.7 56.5 39.1
Tumor Site
MN® of Lip : 52 74.0 74.0 493
MN® of base of Tongue 6 33.3 NA NA
MN® - “of - other&unspec - parts - of 67 672 55 NA
tongue
MN? of Gum 52 59.0 42.8 20.3
MN® of Floor of the Mouth 8 83.3 41.7 NA
MIN® of Palate 15 50.5 40.4 NA .001
mﬂlof other&unspec. * Parts of 38 90.0 45.8 NA
MN® of Parotid Gland 44 832 65.1 43.4
1\1\51[[;:} . of other&unspec. Parts - of 16 93.8 7.9 NA
MN® of Tonsils 42 53.9 494 494
IVIN® of Oropharynx 8 238 NA NA
Treatment
None given 41 475 28.5 NA
Single treatment 137 64.3 49.7 19.8 0.000
Combination =170 72.9 56.4 38.1
‘Laterality
Not paired 158 68.4 55.6 237 :
Unilateral 179 672 438.3 31.3 0.716
Bilateral ) 2 1.0 1.0 NA
Unknown 9 88.9 NA NA
SEER stage
Localized 143 77.0 66.3 25.1
Regional 138 66.5 472 42,6 0.002
Distant 31 49.1 . 344 NA '
Unknown 36 62.2 31.1 NA
Histological type .
SCC 193 69.0 48.7 2717 0.959
Non-SCC 155 66.9 55.5 31.2 '

* MN: Malignant Neoplasm.




Table(3):The Unadjusted cumulative incidence estimates of death due io cancer for patients with cancer of the oral and
oropharyngeal cancers by sex, age, smoking staius, grade, site, treatment, laterality, stage, and type of tumor, comparing
them with their 1-KM counterpazts.

1-KM1 CICR I
N Cumulative incidence Rates % P. Cumulative incidence Rates% p-
Variable 12 24 60 value 12 24 60 value
months  months  months months  months  months
Sex
Male 204 34.6 491 66.9 0.66 33.0 454 57.0 0.96
Female 144 287 47.3 74.6 27.9 452 67.8
Age
<40 54 18.1 34.6 NA 0.005 18.1 34.1 NA
40 -39 126 24.0 42.6 67 ' 23.0 394 56.2 0.916
>= 60 168 42.0 56.8 79.1 39.8 52.5 67.4
Smoke
Non smoker 137 26.6 43.1 66.4 0.015 25.1 39.2 57.5
Smoker 99 45.4 56.9 80.7 ’ 4.5 54.8 69.5 0.015
Unknown 112 23.8 45.9 67.0 22.9 43.2 58.0
Tumor Grade
I 60 17.0 291 NA 16.7 27.6 NA
I 138 36.1 58.1 73.7 350 54.1 64.4
2 26 31.8 454 NA 0.061 30.3 42.0 NA
v 5 40.0 NA NA ) 40.0 NA NA 0.049
v 1 NA NA NA NA NA NA
VI 6 25.0 25.0 NA 20.8 20.8 NA
Unspecified 112 32.3 43.5 60.9 30.6 40.6 53.6
Tumor Site
MN®of Lip 52 26.0 26.0 50.7 25.2 252 43.6
MN? of Tongue base 6 66.7 NA NA 66.7 NA NA
MM of otherunspec 47 399 475 NA 328 453 NA
parts of tongue
MN? of Gum 52 41.0 57.2 79.7 39.0 521 70.0
ﬁm of Floor of g = 167 583  NA 43 429  NaA
M of Palate 15 495 596 Na 00 9 504 NA 0117
MN® of other&unspec,
Parts of Mouth 38 10.0 54.2 NA 9.3 48.2 NA
MN® of Parotid Gland 44 16.8 34.9 56.6 16.8 34,0 514
MN? of other&unspec.
Parts of MSG* 16 6.2 271 NA 6.3 27.1 NA
MN® of Tonsils 42 46.1 50.6 50.6 44.2 48.5 485
MN® of Oropharynx 8 76.2 NA NA 64.3 NA NA
Treatment
None given 41 52.5 71,5 NA 512 69.4 NA
Single treatment 137 357 50.3 80.2 0.000 33.9 474 70.3 0.000
Combination 170 271 43.6 61.9 26.0 40.5 33.5
Laterality
Not paired 158 31.6 44.4 76.3 30.0 41.5 61.0
Unilateral 179 32.8 51.7 68.7 0.716 31,7 48.1 61.4 0.659
Bilateral 2 0.0 0.0 NA ' 0.0 0.0 NA :
Unknown 9 1.1 NA NA 11.1 NA NA
SEER stage
Localized © 143 23 337 74.9 22.6 327 60.2
Regional 138 33.5 52.8 574 0.002 31.6 48.2 51.7
Distant 31 50.9 65.6 NA : 50.9 62.7 NA 0.005
Unknown 36 37.8 68.9 NA 33.9 58.9 NA
Histological type '
SCC 193 31.0 51.3 72.3 29.8 47.5 61.5
Non-SCC 155 33.1 44.5 68.8 0.957 31.6 42.0 61.2 0.929

* MN: Malignant Neoplasm.
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Table (4): The relative efficiency of CICR estimator relative to KM estimator.
KM estimate CICR estimate RE RE RE

Variables SE 12 SE 24 SE 60 SE 12 SE 24 SE 60 12 mon 24 mon. | 60 mon

mor. mon. mon. mon. mon. mor. ’ ) : )
Sex (male) 0.0654 .509 331 0.04175 0.04619 | 0.06116 | 1.56647 11.02 54120
Sex (female) 0.0456 .0360 0.0934 | 0.04442 0.05433 | 0.08929 | 1.02656 1.03 1.0460
Age (<40) 0.0675 | 0.0918 - 0.06862 0.09244 - 98368 .99 ‘
Age (40-59) 0.0480 | 0.0612 0.1059 0.04638 0.05760 | 0.08595 1.03493 1.06 1.2321
Age (>=60) 0.04380 | 0.0531 0.0806 0.04605 0.04997 | 0.06798 | 1.04235 1.06 1.1856
Smoke (none) 0.0451 0.0565 0.0971 0.04282 0.05212 | 0.08631 1.05325 1.08 1.1250
Smoke (smoker) 0.0594 | 0.0633 0.0964 0.05903 0.06183 | 0.08222 | 1.00627 1.02 1.1725
Smoke(Unknown) 0.0592 | 0.0757 | 0.1171 0.05770 0.07284 {,0.10181 1.02600 1.04 1.1502

"Grade () ' 0.0696 | 0.0884 - 0.06979 0.08529 - .99728 1.04

Grade (II) 0.0506 | - 0.0610 | -0.0864 0.04955 0.05784 1-0.07286 | "1.02119 1.05 1.1858
Grade () 0.109 0.123 0.10881 0.12050 - 1.00175 1.02 -
Grade (IV) 0.219 - - 0.25000 - - .87600 - -
Grade (V) - - - - - - - - -
Grade (VI) 0217 0217 0.21246 021246 - 1.02137 1.02 -
Grade (unspecified) 0.0556 | 0.0625 0.0938 0.05294 0.03925 | 0.08079 1.05025 1.05 1.1610
Site (lip) 0.096 0.096 0.211 0.09576 0.09576 | 0.20116 | 1.00251 1.00 1.0489
Site (tongue base) 0.192 - - 0.22696 - - .84596 - -
Site (tongue other) 0.0703 | 0.0863 - 0.07135 0.08283 - .98528 1.04 -
Site (qum) 0.0841 0.0924 0.1068 0.08177 0.08775 | 0.11068 | 1.02849 1.05 .9649
Site (mouth floor) 0.152 0.222 - 0.14483 0.21686 - 1.04951 1.02 -
Site (palate) 0.158 0.155 - 0.15311 0.15640 - 1.03194 .99 -
Site (mouth other) 0.0671 0.1248 - 0.06393 0.12103 - 1.04959 1.03 -
Site (parotid gland) 0.0631 0.0941 0.1880 0.06408 0.09405. | 0.18843 98471 1.00 9977
Site (MSG other) 0.0605 | 0.1382 - 0.06250 0.14670 - .96800 .94
Site (tonsils) 0.0926 | 0.0951 0.0951 0.09123 0.09415 | 0.09415° 1,01502 1.01 1.0101
Site (oropharynx) 0.2026 - - 0.25035 - - .80927 - -
Treatment (none) 0.107 0.107 - 0.10783 0.11314 = 99230 .95 -
Treatment (single) 0.0634 | 0.0720 | 0.1464 0.06102 0.06977- ] 0.16060 |:1.03900 1.03 9116
Treatment(combination) | 0.0380 | 0.0463 0.0739 0.03677 0.04338 | 0.06029 |- 1.03345 1.07 1.2257
Laterality. (notpaired) 0.0489- | 0.0558 | 0:1006 0.04683 0.05297 1. 0.07962 1 1.04420 1.05 1.2635
Laterality (unilateral) 0.0423 1 0.0506 | 0.0773 0.04115 0.04759 1:0.06940. ] - 1.02795 1.06 1.1138
Laterality (bilateral) 0 0 - 0 0 - - - B
Laterality(unknown) 0.105 - - 0.11111 - - .94501 - -
SEER (Local) 0.0468: | 0.0575 0.1237 0.04636 0.05632 -1:0.,10478 | 1,00949 1.02 1.1806
SEER (regional) 0.0464 | :0.0539 0.0586 0.04427 0.05032 ] 0.05363 | 1.04811 1.07 1,0927
SEER (distant) 0.106 0.116 - 0.11011 1} 0.11618 - 96267 1.00 -
SEER (unknown) 0.131 0.143 - 0.12249 0.14285 - 1.06948 1.00 -
Type (SCC) 0.0417 | 10.0507 0.0781 0.04046 0.04742 | 0.06365. | 1.03065 1.07 1.2270
Type (non SCC) 0.0480 | 0.0543 0.0925 0.04624 0.05201 | 0.08284 | 1.03806 1.04 1.1166

S.E. of KM

R-E-= s EoFCICR




Table (5% Results of fitting simple unadjusted Cox’s model,

Variable Coef.(P) HR. SEfor (f) 95% Clof HR P-value Wald
Sex
Mele® 0.66
Female -0.08239 0.9202 0.18732 0.6379-1.329 0.66 )
Age
< 40°
40 - 59 0223 1.249 0.334 0.649-2.407 0.505 0.006
>= 60 0.738 2.134 0.315 1.1516-3.953 0.016
Smoke
Non smoker®
Smoker 0.56648 1.76205 0.21296 1.1608-2.675 000781  0.016
Unknown 0.04071 1.04155 0.24711 0.6417-1.691 0.86914
Tumor Grade
I
I 0.6175 1.8543 0.3183 0.99755-3.447 0,0509
m 0.5318 1.7020 0.4364 0.72367-4.003 0.2229
IV 1.3772 3.9640 0.5770 1.27947-12.281 0.0170 0.095
Vv 2.3389 10.3701 1.0478 1.33006-80.352 0.0256
VI -0.4068 0.6658 1.0386 0.08695-5.097 0.6953
~Unspecified 0.4769 1.6110 0.3247 0.85260-3.044 0.1419
Tumor Site
MN® of Lip®
MN® of base of Tongue 2.16402 8.70610 0.62045 2.5804-29.373 - 0.060487
MN® of other&unspec parts of tongue 0.37692 1.45778 0.41701 0.6438-3.301 0.366071
MN? of Gum 0.70928 2.03252 0.41462 0.9018-4.581 0.087138
MN® of Floor of the Mouth 0.98842 2.68698 0.61467 0.8055-8.963 0.107822
MN? of Palate 0.75341 2.12424 0.34226 0.7339-6.149 0.164711 - 0.005
MN? of other&unspec, Parts of Mouth 0.50635 1.65922 0.45832 0.6757-4.074 0.269251
MN? of Parotid Gland 0.02217 1.02242 0.45852 0.4162-2.511 0.961428
MN® of other&unspec. Parts of MSG* 0.15295 116526 0.57226 0.3796-3.577 0,789262
MN® of Tonsils 0.65230 1.91994 0.43077 ~+-:0.8253-4 466 0.129960
MN® of Oropharynx 1.75749 5.79786 0.57683 1.8718-17.958 - 0.002313
Treatment
None given :
Single treatment -0,8287 0.4366 0.2887 0.248-0.7689 0.0041 0.000
Combination -1.1272 0.3239 0.2643 0.193-0.5438 0.000
Laterality
Not paired®
Unilateral 0.1021 1.1075 0.1935 0.7579-1.618 0.598
Bilateral -0.4276 0.6521 1.0126 0.0896-4.745 0.673 0.729
Unknown 0.6913 1.9963 0.7249 0.4822-8.265 0.340
SEER stage :
Localized
Regional 0.3210 1.3785 0.2209 0.894-2.126 0.146 0.002
Distant 1.0254 2.7881 0.3069 1.528-5.088 0.000 '
Unknown 0.9152 24973 0.3496 1.2584.956 0.009
Histological type
sce? 0.96
Non-SCC -0.009487  0.990538  0.188341 0.6848-1.433 0.96 )

"Malignant Neoplasm.” Reference category.
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Table (6):Resulls of fitting simple unadjusted CR model (Fine & Grey subdistribution hazards model).

Variable Coef. () HR. SEfor(B) 95%CIofHR  P-value  Wald
Sex
Male 0.94
Female 0.0144 1.01 0.181 0.712 to 1.45 0.94 ’
Age :
<40
40-59 0.120 1.13 0.319 0.603 t02.11 0.71 0.014
>= 60 0.617 1.85 0.301 1.02810 3.34 0.04
Smoke
Non smoker
Smoker 0.5366 1.71 0.209 1.13t02.58 0.01 0.023
Unknown 0.0565 1.06 0.233 0.67 to 1.67 0.81
" Tumor Grade
I .
I 0.548 1.729 0.280 0.999 102,99 0.050
m 0.432 1.540 0.419 0.677 t0 3.50 0.300
v 1.363 3.908 0.460 1.585t0 9.64 0.003 9.0
\'/ 2.255 9.537 0.262 5.706 to 15.94 0.900
Vi -0.549 0.578 1.096 0.067 t0 4.95 0.620
Unspecitied 0.436 1.547 " 0.294 0.869 to 2,75 0.140
Tumor Site
MN*of Lip
MN*® of base of Tongue 1.563 4,77 0.768 1.059 10 21.49 0.042
M of other&unspec parts of tongue 0.337 1.40 0.399 0.641 to 3.06 0.400
MN? of Gum 0.666 1.95 0.400 0.888t04.27 0,096
MN® of Floor of the Motth 0.626 1.87 0.547 0.640t05.47 - - 0250
MN? of Palate 0.511 1.67 0.531 0.589104.72 0.340 0.24
MN® of other&unspec. Parts of Mouth 0.432 1.54 0.407 0.694 to 3.42 0.290
MN? of Parotid Gland 0.124 1.13 0.444 0.474 10 2.70 0.780
MN® of other&unspec. Parts of MSG® 0,188 121 0.514 0.440 t0 3.31 0.710
MN® of Tonsils 0.621 1.86 0.430 0.801104.32 0.150
MIN? of Oropharynx 1.382 3.98 0.543 1.374 10 11.54 9,011
Treatment
None given
Single treatment -0.809 - . 0.445 0.289 0.253 10 0.785 0.005 0.000
Combination -1.083 0.339 0:.262 0.202 t0 0.566 0.600
Laterality
Not paired
Unilateral 0.156 1.169 0.185 0.813 t0 1.68 0.40
Bilateral -0.246 0.782 0.732 0.186 10 3.28 0.74 0.58
Unknown 0,781 2.184 0.688 0,567 t0 8.41 0.26
SEER stage
Localized
Regional 0.291 1.34 0.213 0.881 t0 2.03 0.170 0.006
Distant 0.964 2.62 0.306 1.4391t04.78 0.001 !
Unknown 0.717 2.05 0.311 1.114t03.77 0.921
Histological type
ScC 0.89
Non-SCC 0.0243 1.02 0.183 0.716 to 1.47 0.89 )

*Malignant Neoplasm.” Major Salivary Gland,

I
sl



B4

i Hesearch 25

Table (7): Relative efficiency of CRR estimator relative to the Cox regression estimators.

Simple unadjosted Cox Simple unadjusted Fine RE

regression models and Gray model
Variables B SE for (B) B SE for (B)
Sex (female) -0.08239 0.18732 0.0144 0.181 1.03
Age (40-59) 0.223 0.334 0.120 0.319 1.05
Age (>=60) 0.758 0.315 0.617 0.301 1.05
Smoke (smoker) 0.56648 0.21296 0.5366 0.209 1.02
Smoke (Unknown) 0.04071 0.24711 0.0365 0.233 1.06
Grade (I) 0.6175 0.3163 0.548 0.280 1.13
Grade (IIT) 0.5318 0.4364 0.432 0.419 1.04
Grade (IV) 1.3772 0.5770 1.363 0.460 1.25
Grade (V) 2.3389 1.0478 2.255 0.262 4.00
Grade (V) -0.4068 1.0386 -0.549 1.096 .95
Grade (unspecified) 0.4769 0.3247 0.436 0.294 1.10
Site (tongue base) 2.16402 0.620435 1.563 0.768 .81
Site (tongue other) 0.37692 0.41701 0.337 . 0.399 1.05
Site (gum) 0.70928 0.41462 0.666 0.400 1.04
Site (mouth floor) 0.98842 0.61467 0.626 0.547 1.12
Site (palate) 0.75341 0.54226 0.511 0.531 1.02
Site (mouth other) 0.30633 0.45832 0.432 0.407 1.13
Site (parotid gland) 0.02217 0.45852 0.124 0.444 1.03
Site (MSG other) 0.15295 0.57226 0.188 0.514 1.11
Site (tonsils) 0.65230 0.43077 0.621 0.430 1.00
Site (oropharynx) 1.75749 0.57683 1.382 0.543 1.06
Treatment (single) -0.8287 0.2887 -0.809 0.289 1.00
Treatment (combination) -1.1272 0.2643 -1.083 0.262 1.01
Laterality (unilateral) 0.1021 0.1935 0.136 0.185 1.05
Laterality (bilateral) -0.4276 1.0126 -0.246 0.732 1.38
Laterality (unknown) 0.6913 0.7249 0.781 0.683 1.05
SEER stage(regional) 0.3210 0.2209 0.291 0213 1.04
SEER stage (distant) 1.0254 0.3069 0.964 0.306 1.00
SEER stage (unknown) 0.9152 0.3496 0.717 0311 1.12
Type (non SCC) -0.009487 | 0.188341 0.0243 0.183 1.03
R S.E. of Bin Cox model
"7 S.E. of Bin CRR model
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Using Rough Set Approach for Discovering Systemic Lupus Erythematosus in
Pregnant Females and its Relation to Correlation Analysis

N. R.Hassan @ E.A.Hussein ® : Y .M.Ibrahim®

Abstract

Systemic Lupus Erythematosus is an autoimmune disease that mostly affects females in
child bearing age. The process of discovering natural phenomena or complex system was
limited, until recently, to finding formulas that fit empirical data. Artificial intelligence methods
encompass various paradigms dedicated to solving real-world problems in decision making,
pattern classification, and learning. Prominent among these paradigms are fuzzy sets, neural
networks, genetic algorithms and rough sets which are used to model data in the form of decision
tables or rules. The aim of this paper is to use one of the artificial intelligent methods such as
rough sets to discover pregnant females with Systemic Lupus Erythematosus. Thus, it can help to
improve medical care offered to pregnant females with better evaluation trying to improve
maternal and fetal outcome. A predictive rough set model was built using real data, and the
model was validated and its results were also homogenous to results of correlation analysis
between Systemic Lupus Erthematosus and input variables.

Key words: Correlation analysis;Data mining; Machine learning; Rough set; Systemic Lupus
Erythematosus

1. Introduction

Systemic lupus Erythematosus (SLE) is a multisystem autoimmune disease with a broad
spectrum of clinical presentations, affecting mostly women in childbearing age. SLE is a chronic
disease of variable severity with significant morbidity that can be fatal if not treated early. The
fertility rate in patients with SLE is usually not affected. The impact of SLE on pregnancy and of
pregnancy on maternal lupus has been reported by several studies but with variable results. Some
reports indicate that there is an increase in SLE flares during pregnancy [8] and others found no
difference in flares between pregnant and non-pregnant females with SLE [16].

Pregnancies in females with SLE have been teported to have higher rates of fetal loss,
preterm delivery, preeclampsia (pregnancy induced hypertension) and intrauterine growth
retardation.

Historically, maternal well being of SLE patients was compromised to the extent that the
medical community recommended against pregnancy in SLE patients .Nowadays with better
improvement in disease management activity, pregnancy in SLE patients is no longer an absolute
contraindication. However, fetal and maternal complications still exist.
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Careful pianning of pregnancy coupled with multidiscipiinary monitoring and treaiment
I L=l I =) : o b
usually decreases the risks for the mother and the infant [2].

All patients who were diagnosed as SLE patients according to American College of
Rheumatology ACR [15] fulfilled at least 4 of the 11 criteria which include: '

1. Malar Rash

2. Discoid Rash

3. Photosensitivity

4. Oral Ulcers

5. Arthritis

6. Serositis (pleuritis or pericarditis)

7. Renal Disorders

8. Neurological disorder (seizures or psychosis)

9. Hematologic disorder (hemolytic anemia, Leukopenias, thrombocytopenia)

10. Immunological disorders, the presence of:

- An abnormal titre of Antinuclear antibodies (ANA)

- Anti -double stranded (ds) DNA antibodies

- Positive finding of antiphospholipid antibodies: Anticardiolipin antibodies and / or lupus
anticoagulant. In this study we used four laboratory investigations done to our pregnant patients,

Recently, most research efforts in machine learning have been directed towards the
invention of new algorithms and much less into gaining experience in applying those to
important practical applications. Therefore, this paper focuses on developing a system for
doctors and clinicians to provide an insight into understanding the relations between complex
medical data.

Various published algorithms have been applied to build a computer-aided analysis
system in the medical field [4], [10]. The most commonly used algorithms are neural networks,
Bayesian classifiers, genetic algorithms, decision trees, and fuzzy theory [11}-[14] and [17].
Unfortunately, the techniques developed have not been sufficient to introduce an effective
computer aided analysis in clinical use.

Rough sets theory is another effective approach for managing uncertainties and it can be
employed for tasks such as feature identification, dimensionality reduction, pattern classification
and image segmentation.

In 2004, Bernsel A., presented new methods for association analysis based on Rough Set
theory that were developed and successfully applied to both simulated and biological genotype
data [1]. An estimation of the significance level of the results was assessed through a
randomization procedure. The results here confirm earlier findings of two Single Nucleotide
Polymorphisms  (SNPs) possibly asscciated to Systemic Lupus  Erythematosus (SLE).
Additionally, one new SNP was found which might be significantly associated to SLE.

In 2005, Ilczuk et al., presented important criteria in the medical domain. They showed
that attribute reduction performed as a pre-processing step before the generation of decision rules
increases not only future classification accuracy but also dramatically decreases the time needed
for this computation. Their experiments indicate that using the Wrapper attribute selection
method together with different learning algorithms can find smaller subsets of strong attributes
which performed with a similar or better accuracy during the classification [11.

1%
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Swintarski and Hargis described an application of rough set methods 1o feature selection
and reduction as a front-end to a neural-network-based texture image recognition system. Their
application included singular value decomposition (SVD) for feature extraction, and rough sets
methods for feature selection and reduction. For texture classification, a feed-forward back-
propagation neural network was employed.

2. Material and Method
2.1 Rough Set Theory

Rough sets theory was introduced by Pawlak in 1982. It was developed based on
mathematical tools to deal with vagueness and uncertainty in the classification of objects in a set
[2]. The rough set philosophy is founded on the assumption that there is some information
regarding features which can be associated with every object of the universe. In rough sets, the
data is organized in a table called decision table, which are flat tables containing attributes as
columns and data elements as rows. The class label is the decision attribute, the rest of the
attributes are the condition attributes. For rows, rough set theory employs the notion of
indiscernible class to group similar objects together; while for columns, it employs the notion of
indiscernible attribute to identify significant attributes [6].

We call the class label a decision feature, the rest of the features are conditional. Let
o, F denote a set of sample objects and a set of functions representing object features,

respectively. Assume that B < F,x e O. Further, let [x]g denote:

[x]y ={y:x~ By}

Rough set theory define three regions based on the equivalent classes induced by the
feature values: lower approximation BX , upper approximationEX , and boundary BND ,(X).
A lower approximation of a set X contains all equivalence classes [x]g that are subsets of X, and
upper approximation contains all equivalence classes [x]p that have objects in common with X,
while the boundary is the set of all objects in 'BX that are not contained in BX . So, we can

define a rough set as any set with a non-empty boundary. The indiscernibility relation ~ B (or
Indg) is a fundamental principle of rough set theory. Informally, ~ B is a set of all objects that
have matching descriptions. Based on the selection of B, ~B is an equivalence relation which
partitions a set of objects O into equivalence classes. The set of all classes in a partition is
denoted by O/~ B (also by O/ Indg). The set O/ Indg is called the quotient set. Affinities between
objects of interest in the set X < O and classes in a partition can be discovered by identifying
those classes that have objects in common with X. Approximation of the set X begins by
determining which elementary sets [X], € O/ ~ Bare subsets of X. For a detailed review of the

basic material, reader may consult sources such as [5, 9].

2.2 Prediction modél using rough sets:
~ Functionally, Rough Set Phediction Model (RSPM) can be partitioned into four distinct phases:
- Data collection phase

- Pre-processing phase: This phase includes tasks such as extra variables addition and
computation, decision classes, assignments, data cleansing, completeness, correctness, attribute
creation, attribute selection and discretization.
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« Applying rough set model for Analysis and Rule Generating Phase: This phase includes the
generation of preliminary knowledge, such as computation of object reducts from data,
derivation of rules from reducts, rule evaluation and prediction processes.

- Classification and Prediction phase and validation tests: This phase utilize the rules
generated from the previous phase to predict the disease. Figure 1 illustrates a summary of the
overall steps in the proposed Rough Set Prediction Model.

Data collection Data descriotion l

. /VL Data Selection l

Data
preprocessing

v

Delete objects

\ with missing
, l Discretization
Rough set Model
A 4
Validation
Tests

Figure 1: The process of prediction and analysis
using Rough Set Model

3. Case Study
3.1 Data collection:

The data used in our research was obtained from the clinic of High Risk Unit at Kasr El-
Aini Hospital, Cairo University from October 2011 to January 2012. So, the data covers an
approximate three months period. It contains data for twenty six SLE pregnant females with ages
between 18 to 38 years (average 28). Thus, the universe U includes 26 patients. We transformed
original clinical free-text reports from clinical dataset into mainly four conditional attributes
(ANA, ANT-DNA, ACL and LAC). All the patients were followed to delivery.

3.2 Preprocessing phase
Data description:

The data represents a multi valued information system referred to as data setl or
DS1which contains a set of pﬁ'ﬁ%‘ﬁts (P, Pay vl P26) besides, a set of attributes
(ANA, ANT-DNA, ACL, LAC and SLE). The first four attributes are called “conditional
attributes” and the last one (SLE) is called “decision attribute”. The values of all these attributes
are (0, 1) where (0) represents that this feature does not exist and (1) represents that this feature
or attribute exists. Table I represents the frequency of different Immunological disorders in the
patients with SLE in the study.
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Tablel: Immunoiogical disorders in SLE pregnant patients

Yes No
ANA 23 0
Anti-DNA 16 7
ACL 8 15
LAC 20 3

Analysis of SLE patients: Autoantibodies were positive as follows: ANA in all 23
patients, Anti- DNA antibodies was positive in 16 out of 23 cases [69.6%]. Anticardiolipin
antibodies (ACL) in 8 cases only [34.7%] and lupus anticoagulant (LAC) positive in 20 cases
[86.9%].

Data splitting is also performed which created two randomly generated subsets, one
subset for analysis containing 75% of those patients in data set and one validation
containing the remainder 25% of those patients.

Serology in SLE

Since SLE is associated with a number of autoantibodies, it is important to understand
their relevance in clinical practice. Some of these are useful as diagnostic markers, others help in
quantifying disease activity and still others are primarily of research interest, making no
contribution.

1. Antinuclear antibody (ANA):

ANA is a good screening test for SLE because 95% of cases show a high titre (1:80 or
more) of this autoantibody. A negative test result makes the diagnosis highly improbable
however ANA may be positive in other rheumatic disorders or chronic infections, and sometimes
in normal individuals. Thus, the specificity of ANA for diagnosis of SLE is quite low (40%
only).

2. Anti double stranded antibody (Anti DNA)

The positivity of anti-dsDNA in SLE at the time of presentation is in the range of 60%
(although the cumulative positivity during the course of disease may approach 90%). Hence,
anti-dsDNA can not be a good screening test for SLE. When positive, the test establishes the
diagnosis of SLE. The anti-dsDNA titres most often correlate with disease activity.

3. Anticardiolipin antibody (ACL)
As many as 12% of patients may have only ACL antibody. It is recommended that both
IgG and IgM ACL should be tested in a suspected case of APS.

4- Lupus anticoagulant (LAC)

A less sensitive test but it is assed with the clinical syndrome of thrombosis more often
than is ACL. A patient with APS may test positive for either or both LAC and ACL. Both tests
should be carried out when investigating APS[3] .

]
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3.3 Applying rough seis model

After the preprocessing step, the rough sets model is applied as analysis tool to
extract rules from decision tables to predict SLE as the autoimmune disease. In validation
step, the rules are tested for their validity. The tested sample is randomly selected and
classified only once, with its size being set arbitrarily to a constant percentage (25%) of
all patients (objects) as we mentioned above.

This phase includes the generation of preliminary knowledge, such as computation of
object reducts from data, rule evaluation and prediction processes. Thus, applying rough set
software, the rule derived from re-ducts can be used to classify the data. The set of rules is
referred to as a classifier and can be used to classify new and unseen data.

3.4 Experimental Results:
After applying the reduction action, it generated 5 rules as shown in Table 2
Table 2: The rules generated from reduct

Rules
ANA(1) AND ANT-DNA(1)AND ACL(1) AND LAC(1) —SLE(1)
ANA(1) AND ANT-DNA(1)AND ACL(0) AND LAC(t) —SLE(1)
ANA(1) AND ANT-DNA(0)AND ACL(0) AND LAC(1) —SLE(1)
ANA(1) AND ANT-DNA(0)AND ACL(0) AND LAC(0) —+SLE(1) OR SLE(0)
ANA(0) AND ANT-DNA(0)AND ACL(0) AND LAC(0) —SLE(0)

L (RPNt " N RN

The rules which are generated from re-duct using ROSETTA software contain the
following knowledge:

Rule 1: ANA(1) AND ANT-DNA(1)AND ACL(1) AND LAC(1) »SLE(1)
Which means "IF ANA, ANT-DNA, ACL and LAC exist in analysis Then SLE exists”.
Rule 2 ANA(1) AND ANT-DNA(1)AND ACL(0) AND LAC(1) »SLE(1)

Which means "IF ANA, ANT-DNA and LAC exist in analysis, Then SLE exists”. So, it doesn’t
matter ACL exists or not to recognize SLE.

Rule 3 IF ANA(1) AND ANT-DNA(0)AND ACL(0) AND LAC(1) —»SLE(1)

Which means "IF ANA and LAC exist in analysis, Then SLE exists”. So, it doesn’t matter ANT-
DNA or ACL exist or not to recognize SLE.

Rule 4 IF ANA(1) AND ANT-DNA(0)AND ACL(0) AND LAC(0) —SLE(1) OR SLE(0)

Which means "IF ANA exists in analysis without any evidence of existing ANT-DNA, ACL and
LAC, then we can say that SLE exists or not”. So, finding ANA alone is not a proof that SLE
exists, '

Rule 5 ANA(0) AND ANT-DNA(0)AND ACL(0) AND LAC(0) —SLE(0)

Which means "IF ANA, ANT-DNA,ACL and LAC don’t exist in analysis Then SLE does not
exist”,
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Classification and Prediction phase and validation fests:

The results from Table [ are compared with the actual observations, and it is seen that the
rough set model has predicted the SLE. accurately. Whereas, if the accuracy is higher, the
classification is less ambiguous and the quality of rule is better, therefore, the classification is
unambiguous and acceptable.

Validation set: When tested on validation set the accuracy was 0.91905

The experiment shows the ability of rough sets to select a reduced set of pattern features,
providing better generalization.

3.5 Determining the relative importance of the variables and relation to correlation
analysis ’

The importance of variables is a relative measure of how significant each of the input
variables is in the predictive model.

The important variables are ANA, ANT-DNA, ACL and LAC as input variables related to
SLE as output. .

Relative Inportance of Inputs

Coloma | Laofana Columin ) Cahimnd

Figure 2; The relative importance of input variables

There are four variables as inputs and NeuroShell software is used to determine which
variables are more important or have relative importance using very large series of experimental
data that contains all parameters such as ANA, ANT-DNA, ACL and LAC. The results, as
shown in figure (2) were as following:

ANA represents column 4 which is the most important variable to detect SLE with ratio =.468
LAC represents column 1 which has second level of importance to SLE with ratio = .338
ANT-DNA represents column 2 which has importance to SLE with ratio=.174

ACL represents column 3 which has importance level =.020

It is worth comparing these results with the correlation between SLE and the other variables as
calculated by the contingency coefficient. Table 3 shows these correlations. It is evident from the
table that the previous results from rough set analysis are homogenous with the correlations
between SLE and other variables. The variable ACL which had the least importance has no
significant correlation with SLE while the other 3 more important variables have significant
correlation with SLE with the same order for importance and correlation magnitude.
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Table 3: Contingency coefficients between SLE and other variables

Variable Contingency Coefficient | p-value
ANA 0.554 <0.001
LAC 0.55 0.001
ANT-DNA 0.445 0.011
ACL 0.254 0.18

4. Conclusions

Predicting disease complications and estimation of its prognosis are two important
constituents of medical management. In this paper, we used rough sets as a method to examine
whether some patient groups have the SLE or not and which features or attributes could be used
as an evidence on having SLE. ' '

The suggested model proves the ability of the rough set approach to discover facts hidden
in medical patients record, besides, the efficiency of the suggested rules which represent the
general knowledge of any specialist doctor. The results are also homogenous with correlation
analysis between SLE and the other study variables.
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Robust Regression for handling Outliers using
Mathematical Programming

“Hazem Refaat Ahmed
Abstract;

We consider the problem of handling outliers in regression models. Many real data
sets contain outliers. These outliers may constitute a threat for a number of classical
models such as: Ordinary Least-Squares(OLS) model. Outliers are handled through a
broad class estimation techniques, known in literature as: robust regression. The
current research reviews some attempts for treating outliers in regression models ,
starting from the bounded-influence methods , high-break down methods and ending
with methods of Quadratic Programming .Special interest is given to the latest

methods with épplications to simulated data.
. Keywords: Bounded-Influence, High-breakdown ; Leverages, Outliers ; Penalty ;
Kobust Regression ; Weight functions; Penalty ; Quadratic Mixed Integer

Programming.

Introduction:

In linear regression models data often contains outlying observations .The
performance of linear regression model may be undermined by the existence of such
_outliers because they pull the regression line away from the line depicted by
majority of the data , hence affecting the efficiency of estimates = obtained from the
regression analysis. Therefore, it is important to identify these observations in order to
bound their influence or entirely delete them from the data set. Unfortunately, it is
much more difficult to diagnose outliers when there are several of them and
diagnostics for such multiple outliers may give rise to extensive computations. Also if
these outliers are in groups or have a particular pattern, then we may face the problem
of masking and swamping effects.

Outliers often rise from non-normal, heavy tailed distributions or contaminated

distributions. In context of regression models, outliers can be classified as outliers in

‘Department of Applied Statistic and Econometrics, Institute of Statistical Studies and Research,
Cairo University, Egypt.
E-Mail:hazemrefaatissr103@gmail com
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response variable (vesidual outhiers) or outliers in predictor variables (leverage
outliers). Both types of outliers pose a serious threat to the standard least-squares
analysis and dealing with this problem is through robust regression methods.

This paper is orgaised as follows:

In section one; we review most of classical robust regression approaches. The
mathematical programming and its role in robust regression is given in section 2.
Section 3 will give simulation and Monte-Carlo experiments for the most recent

approaches. Conclusion and recommendations are addressed in section 4.

1-Literature on Robust Regression:

Huber (1964) introduced the method of M-estimation as a generalization to maximum
likelihood estimation which depends on minimizing the sum of some function of
residuals. Huber M-estimator bounds the effect of outliers in the Y-space but it does
not bound the effect of outliers in the X-space. To overcome the X-outliers deficiency
of Huber M-estimator, other bounded-influence estimators, known as, Generalized M-
estimators (GM) were introduced. Generalized M-estimators depend on using some
weight function that bound the effect of X-outliers. Various estimators have been
proposed - such as :  the nmethod of resistant line(Tukey,1971), R-
estimators(Jurecova,_197 1), L-estimators (Bickel, 1973), Mallows estimator (1975),
Handschin et al. estimator (1975), Hill estimator (1977) and Welsch estimator (1980).

One important disadvantage of these estimators is that they have low breakdown point

that reaches at most L , where p is the number of parameters in the model. So,
p ;

another ‘broad class of ‘estimators known as, ‘the high-breakdown estimators, were
introduced. These estimators achieve high-breakdown point up to 50%. The break-
down point of an estimator is the smallest fraction of anomalous or bad data that can

render the estimator useless. For example, the sample mean has breakdown point of
. . . .

— since a very extreme outlier can cause the sample mean to assume an implausible
n

value.

Rousseeuw(1984) introduced the least median of squares(LMS) method which
depends on minimizing the A"ordered squared residual with n,p
denoting the sample size and the number of parameters with h=[n/2]+[(p+1)/2].

Rousseeuw(1984) introduced The least trimmed squares(LTS) estimator which

depends on minimizing the sum of the A smallest squared residuals with




h=[nll—=a)l+1 , for some selected trimming percentage « . Bassett (1991) and

J

Hossjer(1991) introduced The least trimmed sum of absolute deviations (LTA)
estimator which depends on minimizing the sum of the A” smallest absolute residuals
with A as defined in the LTS method. LTS is a famous and popular high-breakdown
estimator that gives better efficiency than LMS and have less computational problems
than LMS with large sample sizes.

One disadvantage of LTS, is that it can loose efficiency, since (12- h) observations
have to be removed from the sample even they are not outliers. Another problem with
LTS is that the size (- &) of the outlier subset is rarely known.

Simpson et al.(1992) suggestéd a procedure that combines the high-breakdown and
bounded-influence properties in the two-stage estimation method.

2 Mathematical Programming in Robust Reoression:

First, we present the estimator that is proposed by Comariopoulous and Zioutas

(2002) based on concepts of mathematical programming,

Consider an M-estimator of Huber-type (Huber and Dutter, 1974) obtained by:

MIV Y o%p (L
=1 o (2.1)

where the function p is given by: : '

—;—(u,/cr)2 forlu, /o] < &

p(uy,/0) = (22)

Kulo|-k*/2  fodu/o]>k
and O is a scale parameter. '
Different values of the tuning parameterk, k=k,, leads to different bounded—

influence estimators .For example, Huber M-estimator could be defined by choosing
k=15 or k = 1.345, Handschin et al , estimator (1975) could be defined by using

k= k.l-h,.
Now, define €, as follows:

|u,.i -ko ]u,{ > ko

M,
]

0 |u| < ko
€, is interpreted as the distance of pulling y; towards its fitted value, so, it is called

the pulling distance.

é
|
|
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The robust estimator could be defined by solvine the equivalent problem:
L g I

min Z (u" +2koe )
=1 (2.3)

Where u,* are the modified residuals and also, they are called metrically winsorized

residuals, defined by:
u, }ul. <ko
u ={ko=u—¢, |u|> ko 24
ko =u, +e¢, |u| <~ko

and 2k,0€, can be considered as the penalty cost of pulling y; towards its fitted
value for a distance £, with &= k w(x,). An important interpretation of the problem
(2.3) is that the estimator is defined by modifying the observations yi with the smallest

possible amount of overall pulling distances =Z g
i

In general, in robust estimation, the bad influence of a point ( x; V) is
bounded by shortening the residuals, proportionally to the corresponding value of the

tuning parameter X, and the robust estimates will be the solution of the resulting

system of equations:
Dw(u) x=0 islin 2.5)
1

The solution of (2.5) can be interpreted as a procedure where large residuals are
modified by pulling the y—values towards the regression line for a distance €,. Then,
we apply least- squares to the modified data obtaining a robust estimation of
regression parameters.

Camarinopoulos and Zioutas (2002) considered the Mallows weights(Mallows,1975)
given by :

]

b 2.
~1 :
(Xi_mx)’cx (Xl—mx)

w(x,) =min , 1

, (2.6)
0<a' <

Where:




6

7, and € are robust estimaiors of the multivariate mean and variance-covariance

malrix, respectively, b is a cui-off robusness constant chosen from the Chi-square
distribution and @' is another robusness constant to control and limit the bounds of
the weight function. Simpson et.al(1992) used ¢’ =2 and b as 0.90 percentile of the
of the Chi-square distribution on p-1 degrees of freedom.

The robust estimation, in this case, can be obtained by solving the system of

equations:

ZW(E/) w %, =0
] 2.7

where T; is the residual resulting from the weighted data (%, 7,),
U=y -%B= Ui W

It should be noted that the pulling distances €; modify only the residuals by pulling

yi towards its fitted value and it is not associated with modifying the x-values.

Now, consider the robust estimation problem as an allocation problem using
mathematical programming. The idea was based on constraining the total pulling
distance. Then, the estimator selectively  downweights bad leverage points by
optimally allocating the pulling resource. As optimality criteria, the leverage measure

h, and the residuals u, were considered, where £,is diagonal element of the hat
matrix H=X(X"X)" X (ie:h,= x"(XTX) ' x,).

The estimator is defined by minimizing a Huber function and optimally allocating the

total distance as follows:

n *
min D(ut +24kwoE)
=1

Subject to:

Zn £, E
=1 (2.8)

In the above objective function, the penalty cost, 2 kwo ¢, , of pulling y; towards its
fitted value depends on weight w=w(x), which is based on Mallows weight

function .
For an outlying observation in the X- space , the corresponding penalty cost is very

small and thus the y; could be easily pulled towards the regression line , resulting in
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excessive downweighting | so | this estimator can be regarded as a bounded—influence
estirnator.
Inferentially, the problem (2.8) is an optimization problem where the puling resource

E has to be allocated to the points, which correspond to large residuals U; and small

penalty cost k w, o . Usually, good leverage points do not correspond to large residuals

and, so, in searching for an optimum solution of (2.8), these points are not being

pulled.
The minimization problem (2.8) can be described in linear regression model as
follows:
MIN (" +2 kw0,
B, By upn =1

Subject to:

T T *

X Bl"'Xz Bz+”1 +€,2Y,
T T *

X B-x B-u -¢<y,

ie,sE

= (2_9)

Where the decision variables are:
B' =(B,,..B,),B," = (B, B,,) , & and the winsorized residual u,* .
The constraint Za ;S E enters the model in order to limit the pulling resource;

The quadratic programming problem (2.9) has a convex objective function and the
constraints form a closed convex set (Zioutas et al,, 1997). Therefore, during the
minimization process is implemented, it searches the feasible solutions on the extreme
points or comers of the convex region. The iterative method stops at the extreme point
(B, B, , u*, E)which is the required global minimum .

Zioutas and Avramidis ( 2005 ) , proposed an estimation method , using the previous
formulation of quadratic mixed integer programming , in order to delete, not
downweighting , the bad leverage points .

- In this approach, a penalty cost for deleting or discarding outlier is introduced.

The estimation problem is illustrated as follows:

Consider the estimator that is defined as the solution to the problem:

(e
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Min 2; plu’) )
P

Where p is a function of residuals, defined as follows

u

2 ‘ 1

W
ko? |y

|<ko

1

ply)= (2.10)

>ko

where o is a robust residual scale , and X, = kw/ (x,) is a well known cutoff for the

outliers that depends on the design weights . Zioutas and Avramidis (2005) used
Mallows weights w/(x,)=w(x,) . The interpretation for the proposed function of

residuals in (2.10) is simple for large residuals U;(i.e : |u,|2k,cr) the squared
residuals are less rapidly increasing. Since the squared residual is reduced to the

value (k,0)*, which depends only on the design points and the initial scale estimate

o and this value, (k,0 )2 , can be interpreted as a penalty cost for deleting an outlier .
The computation of this estimator is implemented through quadratic mixed integer

programming as follows:

MIN (4’ +6,(ko))

B,Byeiuy 8, m
Subject to:
T T
X BI—XI Bz""utZ Yi— &
T
X14TBl -x, B, -u <y +e¢,
£,s6,M", 2.11)

6,<n-(n+p+1)/2,
1

i=

0,: zero-one variable

B,B,,u,e 20
Where M" is an.upper limit of the residuals U; .The decision variables are:
Unknown regression coefficients, B, = (B,,..., B, B, =(By . B,,),

the residuals u,,the pulling distances €, and § which is a zero-one decision vector ,

to indicate which observations must be removed .
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-The first two _consiraints describe geometrically the vegression line for the cases of

positive or negative residuals, since in the mathematical programming formula, the
decision variables are constrained to positive values.

-The third constraint put a restriction on the pulling distance &, according to the value

of &, such that :

*For §, = 1:

The third constraint allows the puling distance to take any upper limit M on the
maximum absolute residual of the regression.

* For 8, =0:

The third constraint restricts the pulling distance ¢, to zero. So, there is no pulling of

yi towards its fitted value.

-The fourth constraint indicates that the number of deleted points cannot exceed (n—

(n + p+1)/2) and this is the number of discarded points in the LTS estimator .

The previous mixed quadratic programming formula is convex and therefore a global
optimum solution can be obtained.

A more recent method in robust estimation using mathematical programming is given
by Zioutas et al.(2007) which is basically based on the LTS estimator as the pervious
estimator but a slight modification was made to penalty cost for deleting outliers
which is based on a robust leverage measure and robust measure of scale. This new
estimation method is based on the idea of the LTS estimator, proposed by Rousseeuw
and Leroy (1987). The basic idea, here, is to define a subset of observations that
produces significant or large reduction in the residual sum of squares and this set is
most likely to be outliers. Penalty costs are inserted into the objective function in
order to delete only those observations, which cause the significant reduction, where
the reduction of residual sum of squares ( SSE') due to the deletion of an observation 1
is given by:

2
4

SSE - SSEU) = m—-
il

(2.12)

where :  SSE' is residual sum of squares , SSE,  is the residual sum of squares

computed after the deletion of an observation / , £, is the leverage of the

i

corresponding observation which lies on the diagonal elements of the hat matrix H
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and u, is the comesponding residual. We compare the reduction that happens after

deleting observation / to its penalty cost such that if*

2

u,
L > (ko)?
= h (ko) | (2.13)

then, we delete this observation. So, we seek to find a subset of size q (possibly
outliers) which its deletion gives the largest reduction in residual sum of squares,
hence, the remaining set will be the clean one. But the problem is that the subset qof
outliers in most data sets, are rarely known. This estimator handle this problem by not
requiring the knowledge of the q subset of outliers, instead, some quantity (penalty
cost) is inserted into the function of the residuals. So, observations that produces
reduction larger than their penalty costs are removed. The estimation problem is

formulated as follows:

=R+

MIN {SH<B>=S,,. (B+5, . A=)+ Yk 0»2} (2.14)
=l

So, the estimator minimizes the total sum, the sum, the sum of the A squared
residuals (where A is not known priori) in the clean set and the sum of penalties for
deleting the rest (g = n—h") observations.

Here, (k,0)* is defined a priory, where o is a robust measure of scale, taken from
the LTS method, &, = k w, wlﬁere k is the tuning parameter, w, is a suitable robust

weight function to be inserted into the penalty cost. Now the Penalized Trimmed Sum

of Squares( PTS) estimator can be defined as:
Min Y p(u,) (2.15)
=1

where p(4) is  the function of the  residuals, given by

2

4
plu)=y
(ko) |LI,I >koy1-14

|u| <koy1-4,

Choice of the penalty cost:

If it is assumed the penalty cost in the residual function is constant for each point (i.e:

(kyo)*= (ko )* then, when solving (2.14), we have four cases:
° Points that are low —leverage outliers (i.e: that correspond to small 4, and

large u,) will be deleted due to their large residual .
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¢ Points that are bad high ~leverage outliers ( i.e: that correspond to large value
of h, and large «,) will also be deleted.

e Points that are high good leverage (i.e: that correspond to small residuals, high

value of £,) will also, be deleted.
e Points that have small leverage, small u, represents the clean data set.

The choice of the penalty cost is very important in controlling the robustness and
efficiency of the estimator, because case 1 and case 2, represents the case of good data
points, however, this points are deleted. The third case represents the case of bad data

points which must be deleted. Using fixed penalty, both good data points and bad data

+ points are handled by deletion. Moreover, The problem in using the diagnostic

2
measure ———— . A, itself is not a robust measure of leverage and its value is

distorted by clustering. So, it is required to find a robust measure of h, that is not

affected by clustering and takes into account the masking effect,

Note:There are two effects of outliers that may happen in simulation and affect
efficiency and mean-square error as

-Masking effect happens when the observation is really outlier but it is falsely
identified as non-outlier. :

- Swamping effect happens when the observation is really not outlier but it is falsely
identified as outlier,

Zioutas et al. (2007) suggested using the following weight function in the penalty
cost of the residual function:

o f1=hF ‘ |
X (2.16)

Ny

Wi
Where: £, is the leverage of a point based on the whole data set. A, * is the leverage
of the same observation as it joins a subset of A clean observations:
h*=x" (X" X)" x,, where X isthe (4" +1)x p matrix that contains the /4" clean
data and the joint potential outlier 7.

The clean subset is found through Minimum Covariance Determinant (MCD) method
(Rousseeuw and Van Drissen (1999)). The procedure is explained as follows:

Stepl: Draw a random subset J of size p, p is the number of parameters in the

model.
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StepZ: Compute 7= average(J), 5. = Cov(])

i N

Step3: Compute the Mahahianbois distances:

d'=(x,~T)"S, " (x,~T) , i=12,..n

for all observations, and then sort these distances and take the 2™ smallest distances
~ where A=[ n/2]+[( p+1)/2] .

Stepd: Repeat the last three steps for the 4" new subset and iterate until one of the
following conditions is satisfied.

Det(51)=0 or det(Sy) = det(S L-1) , where S denotes covariance matrix and L
denotes the number of iterations and the final subset that gives the lowest value of
det(S) among all possible sub samples of size p, would be the subset of the clean
data.

Weights are applied by following the previous MCD procedure.

The problem is formulated using quadratic mixed integer programming as follows:

Min 3 (u +5 (ko))

B,g;u; 6, 5

Subject to:

X/TBI - XjTBz tuy 2y -¢

XiTBl - XiTBz Syt €,

£,50,M

5,¢{0,1}

. B,u,e, >0 i=12,.,n

(2.17)

The interpretation for this formula is as discussed before in the previous estimation
method (Zioutas and ' Avramidis , 2005)

This problem has linear constraints and a convex quadratic objective function.
Therefore, we have a unique global optimum solution.

It should be noted that, the only difference in the formulation introduced by Zioutas et
al.(2007) , is in bounds in the PTS function which becomes

koI=h, = kw,"o\[1=h, = ko -——ﬁﬁﬂ/l ~h, = ko T=h, * (2.18)
1

Where: k0 is the penalty cost for deleting an outlier, o is a robust measure of

scale, k, = kw;” with w," as the robust weight function and 4= 3. It should be noted

also, that the PTS estimator converges by the LTS, by decreasing the penalty cost.
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Propreties of the PTS estimator:

I-bounded-influence :

Because the penalty cost is downweighted for high-leverage points, their influence is

bounded, and the masking problem is eliminated.

2- Efficiency:

Because this estimator discards only catastrophic observations, since there is penalty
(k,0)* for each deletion. High — leverage points is not deleted if its residual is smaller
than (4,0 ). Besides, it gives the best model fit to the clean data points .

3- High- breakdown point:

The PTS estimator achieves this property because:
-It takes high-breakdown estimate for residual scale o taken from LTS.
-It takes design weights from the high-breakdown MCD and robust measure of
leverage. | '
Combinations of bouned-influence and high-breakdown point has been seeked
through two-stage estimation method(Refaat,2010)
Of these two-stage combinations,it has been shown ~through a simulation studty-that
the two-stage estimation method which is based on PTS estimator in the first method
and a bounded-influence estiomator in the second estimator is the best and most
efficient robust estiomator against outliers or contamination in data(Refaat,. 2010).
Ziotas et al.(2007) proposed a modification of the PTS estimator and introduced
7 —Insistive PTS(IPTS) estimator.The idea is based on defining ¥ - Insistive loss
 function from Support Vector Machine (Vapnick,1998) . The support vectors machine
is a mathematical Programming-based technique, which has the advantage of reducing
the computational difficulty by ignoring small residuals. Specifically residuals within

an interval (~y,¥)are not included in the loss function and those points outside the
so-called y -tube which are called support vectors, define the regression line. The new

PTS estimator has the ability to handle group of outliers and suffers a little from
masking effects.

In the ¥ - Insistive loss function approach based on support vector machine, small
errors are not penalized and it is attempted to fit a tube with radius ¥ to the data, by

ignoring (tolerating) small etrors. So, we have the following loss function:

ly= £, =|y- X"H, = max(0,|y- X" H~7)

Lo
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Where The accuracy parameter ¥ controls the number of poinis outside the tube with
radius 7.

Zioutas et al.(2007) adapted the technique by modifying the y -insensitive loss
function in a squared form, and all the errors smaller than y are penalized with a
constant value > . Thus, the proposed ¥ -insensitive loss function becomes:

(= £(0)% =(y=~ X" B’ =max(y*,(y- X" B)")

where, the accuracy parameter ¥ controls the number of points outside the tube. The

new estimator (IPTS) is defined by solving:

n
M D Poie (W)
1=]

2

4 |uf <y
Poio () =11/} v <lu|<koy1-8, (2.19)
(ko)? |u|2 ko118, |
Where : ko =max(y, ko)
The minimization of the loss finction (2.19) is equivalent to the following constraint

optimization problem:

Min Zn: (u12 + 51(1(10-)2)
pe

Bis;u;0,
Subject to:
T T
X B-x B +uz2y-s,

XIT‘BI = X1TBz - 4 Yit 5
s,<8M @2

u,s;. =0 i1=12,..,n

ko =max{y, ko },6 is the zero-one decision vector and M is an upper limit of
the residuals u,.

The IPTS formula is convex, therefore a unique optimum solution can be found and

the IPTS is estimated. A final note remarked regarding the above formula is that all
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points mside the ¥ -tiibe do not contribute to the solution.So, we could remove aity
one of them, and still obtain the same solution.

Avramidis and Zioutas(2011) presented new class of regression estimates called
generalized PTS (GPTS). The new GPTS estimator is defined as the PTS but with
penalties suitable for bounding the influence function of all observations.

Consider The PTS estimator defined in (2.15) which is given by solving:

Dy(u)=0 Ji=1,2,...,n

Where;

W) =14 |u| < ko1-n,
0 otherwise

Based on the formula of the PTS estimator, Avramidis and Zioutas(2011) defined a
new efficient PTS estimator, called GPTS estimator, which is bounded influence and

is given by the solution of the system:

Zl//(u,) =0, where:

y | Skﬁ I-h o
yla)=1" Ji=b, "~ nhii

0 otherwise
Also, they found that 2.5 < k<3 works well for the PTS or GPTS estimator.Based on
robust scale & and leverage 4," , the GPTS estimator achieves simultaneously the
three goals of robust regression: |
(a) high breakdown point, (b) bounded influence, (c) high efficiency
(say 0.95) vs, OLS when the data follow Gaussian distribution.

In order to minimize the penalty loss function in a robust regression, Zioutas and
Avramidis used the same QMIP formula in (2.20).

‘3- Monte-Carlo Simulations:

First: Monte-Carlo experiments were performed to compare the performance of
LTS, PTS and IPTS:

The observations y, were obtained following the regression

model of two variables:




v, = /5() - /)’, X+ ]32 Xy, e where the coefficient values are:

pl=1.20,42 =-0.80 and a zero constant term S0 = 0.0.. The error term has Gaussian
distribution NV(0,16), x, and x,,are values drawn also from normal distributions
N(20,36) and N(30,64) respectively. Outliers are obtained by drawing extra values
from the uniform distribution /(80,220) and added to x,, x,, or y,.

The results of the OLS estimator and the three robust estimators :

LTS(k =0.6n),PTS(k=3)and (IPTS(k =3 and various values of ¢)) are
reported . The performance criteria used for comparing the estimators are mean-

square error fitting and relative efficiency with respect to OLS which is computed as

mean square errorfitting (OLS)
mean square errorfitting ( Robust )

follows: Relative efficiency=

The results were as follows

Table(1

(50 points in R? including 12, outliers (24% contamination))

Results of 500 simulation runs
Estimation Mean Square Relative
procedure Error Fitting k efficiency
True function 253.86 8.362
OLS 2122.79
LTS 317.15 6.693
PTS 271.23 7.827
IPTS, 45, 26341 8.059

Table(2)

(50 points in R including 16, outliers (32% contamination))
Results of S00 simulation runs

Estimation Mean Square Relative
procedure Error Fitting efﬁciency
True function 253.86 10.036
OLS 2547.86
LTS 322.87 7.891
PTS 282.23 9.028
IPTS 50 274.16 9.293

Tables 1-2 present the measures of the performance criteria for the four estimators in
the presence of average and high contamination respectively. Taking into account all

performance criteria we see that the IPTS estimator outperforms the other estimators.
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in Table 1, the LTS estirnator has a reasonable performance but the PTS and [PTS
estimators improve significantly the fitting error and the relative efficiency. The IPTS
estimator is the best among all others concerning all criteria in Table 2, where the data
is heavily contaminated with 16 outliers, the IPTS still the best among all other robust

estimators.

Table(3)

~ (75 points in R? including 10, outliers (13% contamination))
Results of 500 simulation runs

Estimation Mean Square
procedure Error Fitting
LTS 0.47
PTS 0.30
IPTS, 0 0.27
IPTS, .\ 1» 0.24
IPTS, 5, 0.23

For large data sets we could increase the radius ¥, in order to delete the outliers from
the original data set. We can empirically conclude from the results that the Y-
insensitive PTS procedure provides a significant improvement with respect to the
PTS, in terms of mean-square error fitting.

Second: Monte-Carlo experiments were performed. to compare the performance
of LTS, PTS and GPTS:

Themodelis: y= XB+e _ (3.1

where y is the nx1vector of the 1'esponse'variable Y= Vv ¥,)7, X is a full rank
nx p matrix of explanatory variables, x, =(Xp X, ,), fori=12,0.. ,n, bis a
pxlvector of unknown parameters B = (bl, b2,...,bp)Tand uis a nxlvector
e=(e,..,e,) of iid random errors with expectation zero and variance o’.a
proportion (1-A)in the data samples (X, %y, X,, y) follow a multivariate normal

distribution, where A4 is the contamination fraction. Without loss of generality the
mean vector is taken equal to 0 and the identity as the covariance matrix. These
observations follow the model in (3.1) with b = 0. The contaminated observations are
high leverage outliers with x = (1,100,0, ... ,0) and y = slope x 100, where the slope
of contamination takes values 1 or 2.2.The mean square error fitting(MSE) is used as

a measure of performance.
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Lable(d)
Samples with 10% outliers located at (x,, x, ..., Xp,y) =(1,100,0,...,0,100}

n P LTS PTS GPTS
(MSE) (MSE) (MSE)

100 2 0.692 0.030 0.025
3 0.890 0.052 0.052

5 1.193 0.099 0.099

500 5 0.803 0.014 0.041
10 0.935 0.029 0.039

20 1.207 0.069 0.055

1000 5 0.715 T 0.007 0.012
10 0.859 0.014 0.014

20 1.158 0.028 0.028

For heavier contamination 4 = 0.10 and slope 2.2, Table 4 shows the results of these
simulations. We observe that the GPTS and PTS have the best overall performance
especially for the small data sets n = 100. However, for larger data sets (n 2 500), the
GPTS, PTS perform comparable, since the outliers are easier to detect by both robust
estimators due to the large slope value.

To continue the implementation of the GPTS algorithm and compare it with, LTS and
PTS, one extra Monte Carlo experiments is performed to evaluate the performance of
our robust procedure. b

The observations y;, were obtained following the regression model as in (3.1) with p =
3 and n =50, where the coefficient values are b; = 1.20, b, = 0.80 and a zero constant
term by = 0.0. The error term e is N (0, 162), while x1 and x2 are iid values drawn
also from normal distributions /N (20, 62) and N (30, 82) respectively. Different
kinds of outliers are generated as follows:

An extra value is drawn from the uniform distribution/ U(80, 220) and for the
regression outlier is added to x1 or x2, for the “‘good” leverage point is added to x1 or
x2 but the value of the dependent variable y follows their contamination, according to
the above regression model, for the response outlier is added to y. All simulation
results are based on 1500 replications enough to obtain a relative error <10%.

Mean absolute error of estimates and mean-square error are measures of performance.
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Table(5): Sampies with 32% outliers
(X-outliers=10, ¥Y-outliers=6,n=50,p=3)
By =00, B =12,8,=-038

Estimation procedure | LTS PTS GPTS
Mean Absolute Error 11.17 7.78 7.77
of EO

Mean Absolute Error 0.789 0.256 0.212
of B’l

Mean Absolute Error 0.227 0.208 0.202
of B’z

Mean Square Error 476.33 309.32 296.06

In case of only bad high leverage contamination, shown in Table 5, the Penalized
Trimmed Squares approach has shown remarkable improvement in both robustness

and efficiency, with GPTS the best.

4- Conclusions and recommendations:

Two new methodologies for deleting outliers in robust regression (IPTS and GPTS)
are presented which reduces the problem to 2 Quadratic Mixed Integer Programming.
The two approaches are shown to perform well when compared to the original LTS
and its modified version PTS, Further research may be needed to handle the problem
of outliers for large size sample data (2 > 1000) possibly by solving the dual problem
of (2.24). Moreover, modifications of (2.24) should be investigated that will provide

the optimum value of y.Also, a combination of bounded-influence estimator and and

IPTS and GPTS in a two-stage estimation pi‘ocedure should be considered.
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Proposed SUR-ridge Estimators with Application

M. A. Abdel-Fattah'

Abstract The ridge regression (RR) as a shrinkage technique handles the multicollinearity
problem in regression analysis. This article reviewed and proposed some seemingly unrelated
regression ridge (SUR-ridge) estimators based on Zeebari et al. (2012) and Abdel-Fattah (2013).
Following Abdel-Fattah (2013), the current article (i) estimates the SUR error covariance matrix
using the ordinary ridge (OR) estimator instead of the ordinary least squares (OLS) and
(il) estimates the error covariance matrix using the restricted residuals instead of the
unrestricted. A system of two regression equations based on the data due to Theil (1971) has
been considered. Based on the results, more precise estimates can be obtained.

Keywords Multlcolhneanty, Ridge regression, SUR—ridge parameters, Restricted
residuals.

1. Introduction
Over five decades have passed since Zellner (1962) introduced the SUR model for the
first time as one of his successful scientific contributions. Zellner (1962) has found out
that the yielded generalized least squares (GLS) estimator is at least asymptotically
more efficient than the OLS estimator in the following cases; (i) when error terms in
different equations are highly correlated and (ii) when exogenous variables in different
equations are not highly correlated.

The highly intercorrelated exogenous variables (multicollinearity) are a data
problem that remains and cannot be removed, but we only can handle its misleading

results. RR introduces bias by adding a quantity to the diagonal of X'X or X'7'X but
reduces the variances of the estimates. Hoerl and Kennard (1970a,b) contribution to
select this quantity was followed by numerous research studies both in the univariate
case (multiple regression) and in the multivariate case (SUR model). To handle the
problem, Alkhamisi and Shukur (2008) and Zeebari et al. (2012) are among the
researchers who depended on the RR technique in the context of SUR models.
Alkhamisi and Shukur (2008) proposed SUR-ridge parameters and compared them
through a simulation study with other existent parameters which are generalizations for
the multiple regression model. Zeebari et al. (2012) modified the parameters which were
presented in Alkhamisi and Shukur (2008) and compared them through a simulation
study. Alkhamisi and Shukur (2008) and Zeebari et al. (2012) approach includes the
covariance structure among equations, but they estimated the error covariance matrix,
Zy, using the unrestricted residuals obtained from the OLS method and not the
obtained from a method that handles the problem (e.g. RR, principal components
regression, partial least squares regression or latent roots regression). ’

! Department of Applied Statistics and Econometrics,
Institute of Statistical Studies and Research, Cairo University, Egypt
e-mail: mahmoud.ahmed@rocketmail.com, mahmoud.ahmed@cu.edu.eg
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2. Model and Kstimators
Consider the usual system of M seemingly unrelated regressions as;

Y =XpB+u, )
Y, X, OTxp, e e OTxPM 21 U
YZ OTxPl X2 OTXPM ﬂ 2 uZ
o L ' e @
_YM M1 _OTxPn OTxPz e " XM IMTxP -ﬂ Mdpa  L¥M IMma

The i" equation of the M equation regression system is;
Yi=X; Bi+ui, i=1,2,..M 3)

where; Yiis a T x 1 vector of observations on the i endogenous variable, Xjisa T % P;
matrix of observations on P; exogenous variables, B; is a P; x 1 vector of unknown
regression coefficients and u; is a T:x 1 vector of contemporaneous correlated random
erTors.
The commonly used SUR model assumes the following;

i, X is fixed with full column rank P;.

il. %irn%‘—(X;X,) = 0, is non-singular with finite and fixed elements.

iii, %im—,};(XjX ;) =0, is non-singular with finite and fixed elements.

iv. B(u/X,)=0, u,~IID (0,0,1;),i=1,2,..,M and COV(x, ,u,) =0,

v. The MT X 1 vector of random error terms in Eq. 2 is assumed to have the
following variance-covariance matrix as;

On 9y ' " Oim
Oy Op M
' : ‘e ) H
E (aau hiraer =V = . . . |®L =2, L, (4
Ot Om2 VY

where; o, =E(u,u,) fort=1.2,,T and .i,i =1,2,.,M, Z, is an M x M positive

definite symmetric matrix and ® represents the kronecker product operator.
The OLS estimator, B, , of the parameters is given by;

Bos = (XX XY, (5)

EaN




But from assumption v, if is clear that the eirors across equations are correlated,

taking this correlation into account leads to efficient estimates, namely GLS which is
called SUR (Zellner, 1962) and is given by;

Bas =(XVIX)XVY, ©)
COV (Bus) =(XVIX), V' =57 ®1,, 7

In many applications, the X, matrix may be unknown. Thus, %, elements must

be estimated by replacing the unknowns by their estimators, then the feasible GLS
~_estimator can be obtained by;

Brois =XV XV, @)
COV (Brgs) =(XV'X), P =57 ®1,, )

This article estimates the elements of the unknown SUR etror covariance matrix
using the OR estimator following Abdel-Fattah (2013) instead of the usual estimation of
Zy; using the OLS method. Abdel-Fattah (2013) found out that estimating the elements

of the unknown SUR error covariance matrix using the restricted residuals obtained
from the OR estimator results in more efficient estimators than those based on the usual
estimation of the error covariance matrix using the OLS method in terms of trace mean
squared errors (TMSE:s) criterion.

To deal with the problem of multicollinearity, Hoerl and Kennard (1970a,b)
introduced the RR technique, then followed by numerous research studies. Srivastava
and Giles (1987) defined the feasible general ridge estimator by;

Bren ) = (X'P X +K)"' X7y, (10)

MSE( B (K) = (XV'X+K) (X'P'X +KABKNX'P X +K)?, (11)

~ where; K is an unknown p x p diagonal matrix of nonnégative elements,
K= diag (K;, Kz,..,, KM), Ki = diag (kil, kiz,..., kipl) and kij >0fori= 1, 2,..., M. By

setting K = 0, we obtain [, ; and its covariance matrix.

2.1 Proposed SUR-ridge Estimators
We define the feasible SUR-ridge (FSR) estimator of B by;

Brsn (K) = r(A+K)"r'x"r?*'Y, 12
MSE (B (K)) = T(A +K) (A + KaaK YA +K) T, (13)
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In ithe context of the SUR model, there exist numerous methods for selecting the
SUR-ridge parameter, ki, and in order to describe them, we apply the suggested
transformation of Srivastava and Giles (1987) on Eq. 1 and then rewrite the transformed
model in the canonical form. Srivastava and Giles (1987) suggested transforming the
model in Eq. 1 as;

Y'=X"g+u, (14)
where; Y' = (272 ®1,) Y, X' = (27 ®1,) Xand u" = (2;1/2 ®I)u.
.Then we can get the canonical form of Eq. 14 as;

Y'=Za+u', | (15)
where; Z=X'T", 0 =TI" BandZ’Z=T"XV'XT = A.
The OLS and the SUR-ridge estimators of o are given by;

a=@Zz'zyY’, (16)
G ) =(ZZ+K)' 27, (17
& Ay +kie

TMSE (&, (K)) = ,
SUR ;;(ﬂqj"‘ky)z

(18)
It follows that the value of k; which minimizes the TMSE(d,, (K)) is obtained
O TMSE(dgr (K)

= as;
Ok,

by setting

1
kj =—, (19)

ay

The SUR version of Hoerl and Kennard (1970a) OR parameter has been
considered by Firinguetti (1997) as;

Kijsrx) = (20)

1
———
max(&;

)

The SUR version of Hoerl et al. (1975) harmonic mean has been considered by
Firinguetti (1997) as; .

Kijistarm) = 55— @D

[ |
]
|
/}
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The SUR versions of the arithmetic mean, the geometric mean and the median
proposed by Kibria (2003) have been considered by Alkhamisi and Shulkur (2008) as;

142
Kijsaritn) = FZZ —5> (22)

1=l jal Ty

—g—“‘l———l‘, ' (23)
qIT]en?

=l j=l

kij(Sgeom)

1
kijsmed) = medzan( ) (24)
&y

Alkhamisi et al. (2006) ridge parameter for the multiple regression model has
been generalized by Alkhamisi and Shukur (2008) as;

1
Kijsmax) = myax(gz—) , (25)

)

Alkhamisi and Shukur (2008) proposed the following;

Kii(sqarithy = mean "
ij(Sqarith) = i ( \/-——-)

kij(Sqmax) max( ) ’
y O‘a

Zeebari et al. (2012) modified the SUR-ridge parameters (Eq.19-27) by raising

i M
them to the power of 1/P, where; P = ZP, /M. We refer to these modified parameters
=l

- (26)

27)

as kij(M...)c
Abdel-Fattah (2013) proposed k;; as;

1 1
Kij(sagy = ‘,—:——m n( 5| » 28
(Sad) [ 7 ?ja( a;)J (28)
1 M
kij(Smad) = ‘I;Z ’—A?-—mean(’ , (29)
i=l i' ,/

o —

ot —

P

J=1
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\/;,:‘3 - m%an(\/"(;;{) JJ » (30)

.
Kijsmedad) = Lmedian[

| —

, 1 1
&—;«—-melzjan( aA—;-)] ) €23

The current article proposes new SUR-ridge parameters as;

. 1 1
(New) kij(MSad) = pe i mean —;2—)
(XU 4 Ol,j

Kij(sminag) = mir{

ol —

1
+-III-] , (32)

1
(New) kijovsmay = 5 = —mean( | =)+ = ||, (33)
U( ma) P i=] j=l a; i ; /10
1
; 1 1 1|
(New) Kijosmednd) = | median) | |—- - mean( |—-)+— || , (4)
&; | 2172,
‘ 1
E ) 1))
(New) Kijovsminad) 2 3 n( o?;.) % (35)

SUR, ad: denotes the absolute deviation, m: denotes the mean, med: denotes the median
and min: denotes the minimum.

3. An Application

In this section, we consider the data due to Theil (1971). This data have been analyzed

by Judge et al. (1988) as an example for the estimation of two seemingly unrelated

regressions,

where; , >

° Xpand X,, are the market values and X ; and X,, are the capital
stocks of General Electric and Westing-house, respectively, for the
period 1934 through 1953. There are four exogenous variables in two
regression equations,

o The endogenous variables Y, and Y, may be regarded as investment

figures for the two companies, as tabulated in Judge et al. (1988).
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We consider the following system of equations;

Y, =B, +XIZIBIZ "*’Xmﬁls +uy,
Y, =L+ Xy Py + Xy frs +14,, T=20 (36)

The correlation matrix of the X variables is;

Xlz Xl3 X22 X23
X I 0.1182 0.6852 0.0916
Xy 01182 1 07405 0.9744
X
X

2 0.6852 0.7405 1 0.7417
2 0.0916 0.9744 0.7417 1

From the correlation matrix it is clear that the intercorrelations are across the
equations and in the second equation. X, and X,, are highly correlated, which is the

same for X, and X,; also for X,; and X,,. The value of the correlation coefficient

between X, and X,, indicate a moderate positive linear relationship.

Following Judge et al. (1988), we fit the SUR model with the intercept, Using
the ordinary least squares estimation for each equation of the system, the TMSE for the
first equation equals 1088.77, for the second equation equals 114.66 and for the full

system equals 1203.43. The devisor trace(Py Py ) was used to obtain 3, instead of

T~(P/M). Under the first devisor the TMSE of the FGLS estimator equal 1013.28,
while under the second devisor it equals. 1022.06. Under this model the condition

number of X'V !X is 17902.86, which implies the existence of multicollinearity in the
data set.

. The estimated TMSEs of the SUR-ridge regression coefficients are presented in
tables 2 and 3 (appendix b). From the tables we observed that the sign for the
exogeneous variable X,, has been changed for the Sarith and the Smax estimators and

the sign for the exogeneous variable X,, has been changed for the Sarith estimator. All

proposed estimators performed better than the OLS and the FGLS in the sense that they
have smaller TMSEs. None of them performed better than Srivastava and Giles (1987).
Nevertheless, MSminad performed better than the other proposed estimators. In general,
the proposed estimators performed the same as Abdel-Fattah (2013) estimators in terms
of the TMSEs.

Table 3 shows the results of estimating the error covariance matrix using the
restricted residuals obtained from the OR estimator. We have an indication that the data
of the second regression equation is collinear. Thus the RR technique was applied on
the second regression equation, where the ridge parameter ad performed better than the
other estimators (appendix c). Then the SUR error covariance matrix was estimated by
the OR estimator. As a result of estimating the SUR error covariance matrix using the
restricted residuals obtained from the OR estimator, when compared with the OLS
estimator, the efficiency of the FGLS and the SUR-ridge estimators increases which is
clear from tables 2 and 3.




3.1 Conclusion

The main results revealed that estimating the elements of the unknown SUR error
covariance matrix using the restricted residuals obtained from the OR estimator results
in more efficient estimators than those based on the usual estimation of the error
covariance matrix using the OLS method in terms of TMSE criterion. The proposed
feasible SUR-ridge estimators based on Kijsad, Kijmsmad)y KijMsmedad) and KijMSminad)
have been shown to give new better solutions to the multicollinearity problem in terms
of TMSEs values. In general, the proposed estimators performed the same as Abdel-
Fattah (2013) estimators in terms of the TMSEs. All proposed estimators performed
better than the OLS and the FGLS in the sense that they have smaller TMSEs. None of
them performed better than SK (Srivastava and Giles, 1987). Nevertheless, MSminad
‘performed better than the other proposed estimators. The feasible SUR-ridge estimators
based on Kijismax and kijsariny have produced the worst TMSEs values among the other
estimators. '
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Appendices:
Appendix (A)
Table 1 Formulae for Selecting the Ridge
Parameter in the Multiple Regression Model
SN Author/Year S ' Ridge Paréméters
A2
Hoerl and Kennard =90
L (1970a) ki 5 Eq. (A1)
J
i
’ Hoerl and Kennard G|t
' (1970a)"" Ko =| = Eq. (A.la)
J
a2
Hoerl and Kennard g;
i = = Eq. (A2
> (1970a) 0 T max(@?) b
1
4 Hoer! and Kennard « gl b Eq. (A22)
N R : - ~ . 23
(1970a) i(MHK) ax(@) q
P P&}
5 Hoerl et al. Ki(harm) = 5~ T P’,a, Eq. (A.3)
‘ (1975) : T 0;
LR
i
P,
Hoerl et al, P62
6. (1975)" Kibarmy = | 51— Eq. (A.3a)
2.9}
J=l
Kibria 1 & 62
7. KiGarity = — ) = Eq. (A.4)
(2003) N~ LIy
. | L
Kibria L 1 & 6‘,2 B,
(2003)" Marith) = P—; 7 Eq. (A4a)

L




SN Author / Year Ridge Parameters
&2
9 Kibria ki(geom) = p : I Eq. (A.S)
| (2003) [163°
j=l
1
B
: Kibria &2 .
10 (2003) Kiovgeom) = T — Eq. (A.5a)
(q1IoH"
Jj=l
ST A2
11, (I;)b(;‘;z; Ki(medy = median(-g—‘;—) Eq. (A.6)
J
Kibria 6‘2 i’T
2 (2003)"™ Kigvmed) = median(t—ga'y) Eq. (A.62)
J
&l
13.  Alkhamisi et al. (2006) Ki(max) = max(-é—z-) Eq. (A7)
J
1
e i 0‘.2 B
14, Alkhamisi et al, (2006) Kiovmaxy =| max( ?p"Ll’ ) Eq. (A.72)
J
. o/\_lz
15, Alkham(lzs(x) gg)qﬂ Shukur Kiarithsq) = mean( /972.) Eq. (A.8)
J
16 Alkhamisi and Shukur &2 |°
' (2008)"™" KiMarithsq) = | mean( -5?) Eq. (A.82)
J
v a2
7. Alkham(lzs(l) gg% Shukur Kigmaxsqy = max( ) Eq. (A.9)
J
1
13 Alkhamisi and Shukur EERK
' (2008Y" Kigvmaxsq) = | max( 57) Eq. (A.92)
J




'%'iw /E:f»";;h

Ki(minagy =| min

SN Author / Yéar : ‘Ridge Parameters
1
&2 &2 P,
19. Ki(ag) = - - mean(_|=-) Eq. (A.10)
62 6?
4 J
o 1
1 P, 6'2 6_2 R
20. Ki(mady = I)z—; 51; — mean( él? ) Eq.(A.11)
__________ Abdel-Fattah ! ’
(2013) 1
52 &2 |||
21 Kimedat) = | median] | |= —mean( |<2)[ || Eq.(A.12)
0, 8;
B 1
P
22. - Eq.(A.13)

AD A2
6 G
—= —mean( |=-)
62 6’

J J

* Extensions 'to the SUR model case.

** We extend Zeebari et al. (2012) by raising the parameters to the power of /P .y
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Appendix (B): Table 2 The Estimated TMSEs and the Regression Coefficients of Different Estimators (X, is estimated by OLS)

| OLS | Sad | Smad |

TMSE |120343] 1659 | 16.60 1654 | 1322 | 1338 | 1 16.81
A, | 5.2787 | 0.0072 |0.0065 | 0.0076 | 0.0076 |0.2272|02453 | 0.0577 | 0.0000

0.0236 | 0.0260 | 0.0260 | 0.0260 | 0.0260 0.0273 |0.0256 | 0.0258 | 0.0386

16.82
0.0003 | 0.0000 | 0.0008 | 0.0002

0.0279 | 0.0349 | 0.0268 | 0.0293

0.1562 | 0.1587 | 0.1586 | 0.1586 | 0.1586 |0.1490 | 0.1596 | 0.1592 | 0.0714 | 0.1546 | 0.1490 | 0.0238 | 0.1545 | 0.1419

[-0.5710 | -0.0269 |-0.0245; -0.0283 | -0.0283 {-0.9060{-0.9016! -0.2160 | 0.0001 | -0.0030 |-0.0011| 0.0001 | -0.0029 | -0.0005

1 0.0623 | 0.0608 | 0.0608 | 0.0608 | 0.0608 0.0656|0.0619 | 0.0609 | 0.0638 | 0.0621 | 0.0638 | 0.0442 | 0.0621 | 0.0656

0.0721 | 0.0826 0.0825 0.0825 10.0545 1 0.0827 1 0.0835 1-0.0025| 0.0719 | 0.0580 0.0716 0.0424
1013.28 16.57 1545 1 1545 16.75 16.59
2.3522 0.0076 0.0076-10.0490 1 0.0507 1 0.0298 | 0.0015:1 0.0072 1 0.0053 0.0072
0.0242 0.0261 | 0.0261 0.0261 10.0260 10.0258 1 :0.0259 1.0.0264 |- 0.0260 | 0.0260 | 0.0268 | 0.0260
0.1607 0.1577 ! 0.1577 0.1577 1 0.158510.1592 | 0:1591 1 0.1566:' 1 0.1586 | 0.1584 1 0.1546 | (.1586
1-3.3555 -0.0245! -0.0283 | -0.0283 1-0.19011-0.1896| -0.1118 |-0.0055 | -0.0270 [-0.0199!-0.0030| -0.0268 | -0.0158
ms 0.0655 0.0609 i 0.0609 0.0609 10.061110.0609 | 0.0608 i 0.0615 | 0.0608 | 0.0609 | 0.0621 | 0.0608 0.0609

0.0810 ! 0.0810 | 0.0810 ;0.0816|0.0835| 0.0835 | 0.0770 ; 0.0825 | 0.0819 }0.0721 | 0.0825 | 0.0814

By 10,0799




FGLS.

1624

| 16.21

14.63

16.23

TMSE | 995.78

£, ] 2.1690 0.0065 | 0.0075 0.0594 | 0.0000 0.0000 0.0002
By ] 0.0242 0.0260 0.0258 | 0.0391 0.0310 0.0298
£, | 0.1610 0.1587 0.1594 | 0.0588 0.0176 0.1394
A, |-33918 -0.0249 | -0.0289 -0.2272 | 0.0001 0.0001 -0.0004
L | 00655 0.0608 0.0609 | 0.0609 0.0379 0.0662
/1] 0.0803 0.0824 0.0837 |-0.0019 0.0027 | 0.0701 | 0.0379

FGL
TMSE | 995.78 | 16.00 1532 | 1617 16.19
2, ] 2.1690 | 0.0072 | 0.0065 0.0315 | 0.0014 0.0008
2, ] 0.0242 | 0.0261 | 0.0261 0.0258 | 0.0265 0.0269 0.0261
£y | 0.1610 | 0.1579 | 0.1579 0.1592 | 0.1564 0.1542 0.1583
Gy |-33918-0.0277 |-0.0249 -0.2059 | -0.1205 | -0.0052 -0.0029 -0.0161
6., | 0.0655 | 0.0609 | 0.0609 0.0608 | 0.0615 0.0622 0.0609
By | 0.0803 | 0.0812 | 0.0811 0.0837 | 0.0836 | 0.0765 0.0710 0.0815
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Appendix (C): The Performance of some Ridge Esti

Figure C.1

The Estimated TMSEs for Different Ridge Estimators
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Figure C.2

The performance of Different Ridge Estimators
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Figure C.3

The Performance of Modified Ridge Estimators
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Figure C.4
The Estimated TMSEs for Modified Ridge Estimators
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Time Series Analysis of Inflation in Foypt

Kandil, S.M*

Abstract

In this paper, inflation rate in Egypt using Box-Jenkins methodology and
Linear Regression Analysis has been examined to reach the appropriate model
during the period (January 1996 to December 2012). The fit model for the
inflation rate was SARIMA (1,1,0)(0,0,1);, and the forecasted values of inflation
rate of January to March 2013 was 4.93%, 4.81% and 4.80% respectively.

Keywords: Inflation, Consumer Price Index, SARIMA models, Dickey-Fuller

test.
1. Introduction

The main Objectives for studying inflation are to understand the dynamics
of the process generating it and to discovery the quantitative relationships to
predict the path of inflation in the future. As well the importance of having
variables help in understanding and interpretation it, meaning affording the
possibility for the owner of the authority to control it up or down, it is known in

economic literature as "inflation targeting."

Economic inflation: is one of the most economic prevalent terms, despite’
the prevalence of the term, it does not have an agreement between economists on
its definition this is due to the division on defining the concept of inflation and is
used to describe a number of different situations such as (excessive in the general

level of price - Rising costs - excessive creation of cash balances).

* Statistical analyst, CAPMAS. Email: kandil.stat@gmail.com.
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Inflation in Webster's New Universal Unabridged Dictionary defined by

"An increase in the amount of curtency in circulation, resulting in a relatively
sharp and sudden fall in its value and rise in prices: it may be caused by an
increase in the volume of paper money issued or of gold mined, or a relative
increase in expenditures when the supply of goods fails to meet the demand".
Other definition of inflation is "a continual increase in the price level, affects

individuals, businesses, and the government" (Frederic S. Mishkin 1995).

Central Agency for Public Mobilization and Statistics (CAPMAS)
produces the index of consumer prices (CPI) bybc‘ollecting food prices and
industrial goods and services a month from urban and rural areas during the
period from Day 1 to Day 28 of each month, the number of sources (10085) from
urban and (4337) from rural for the ninth series of CPI data start from August
2010.

The CPI is published according to The International Classification of
individual Consumption by Purpose (COICOP-HBS 2003 ), which is included in
the National Accounts System (SNA, 1993). COICOP is a recommended
classification by many international organizations as International Labor Force
organization (ILO) and International Monetary Fund (IMF). COICOP is also
used in the International Comparison Program (ICP) (CAPMAS 2013).Weights
of major components of derived for all items and main sections, Main sections of
the used weights consists of 12 sections which include: (Food and Non Alcoholic
Beverages - Alcoholic Beverages, Tobacco and Narcotics - Clothing and
Footwear - Housing, Water, Electricity, Gas and other fuels - Furnishings,
Household, Equipment and Routine Maintenance of The house -Health -°
Transport - Communications - Recreation and Culture - Education - Restaurants
and Hotels - Miscellaneous Goods and Services). The share of each section
distributed according to Table 1. The weights are calculated according to

equation(1).
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Where: Aj: value of item
i=1,2, ...., 12 (Main Section) and

=12, .....,479 (Commodity or Service item)

Table(1): Weights of CPI according to

main sections
Figurel: Weights of CPI

Main Section Weight % Miscelisneod
, Food and
Food and Non-Alcoholic 44213 442 Fasaurant oo
Beverag
Alcoholic Beverages, Tobacco 245.0 24 Recreatign, otion

and Culture

Clothing and Footwear 580.7 5.8 Communicati

Housing, Water, Electricity, Gas 1769.5
and other fuels
Furnishings, Household, 36435

Equipment and Routine
Furnishings,

Health 587.7 . Household,
Equipment
Transport 462.0 4.6 and Routine
Maintenance
Communications 258.0 26 of The house
Housing,
3 Water,
Recreation and Culture 201.9 2.0 . Hm:ckz’ e i
as and other
Education 351.0 3.5 fuels Footwear Beverages,
B Tobacco and
Restaurants and Hotels 415.1 4.2 : , Narcticos
Miscellaneous Goods and - 343.1 34
Total 10000 100

Source: CAPMAS, December 2012

One of the main goals of the central banks is to maintain the inflation rate
at a low, fixed level. Central banks followed the specific plans to achieve the
inflation target or access fo values close to the target rate for the effectiveness of
monetary policy more. As well as economic units (private or public) monitors
estimates prices closely in order to make decisions that will reach the highest

payoff for the use of their available resources for that highlights the importance

64




L e

sgpih
bt

A

of forecasting value of inflation and estimate a model for inflation to predict the

correct rate of inflation by central banks or economic units.

2. Literature Review

Based on the importance and the need for analysis of inflation data, a lot
of studies concerned with estimate inflation model such as Hamad (2007),
Massimiliano (2008) and Richard and Stephen (2012). On the other hand, some
studies analyzed the inflation using econometrical methods such as IDSC (2004),
Hatem (2007) and Sharif (2012). Other studies have also dealt with inflation
from an economic perspective such as Nevin (.2001} Nevin (2001) studied the
optim‘ization rate of inflation which checks has economic growth target.
According to her analysis, the monetary policy is specified basic rate of inflation
in the long term and economic success fixed the exchange rate to control
inflation but it caused on shocks of the currencies of these countries. IDSC
(2004) studied inflation in Egypt after liberalization of the Egyptian pound in
29th January, 2003. This led to increase in the inflation rate with decrease in the
standards of living and the inability of many segments of citizens to fulfill many
of their basic needs. He aimed to measure the Pass-through effect, which was the
impact of the changes in the Egyptian Pound exchange rate on domestic price
levels, by estimated percentage change in inflation, due to changes in exchange
rate using a Vector Auto Regression model. Hatem (2007) focused on the factors
that could effect on inflation in the Gulf Cooperation Council (GCC) countries,
For that purpose, he used a series of annual data for a (GCC) and econometric

methods to identify the important variables that affect inflation, and estimated the

relationship between inflation and those factors. Hamad (2007) used ARIMA

models in studying and analyzing monthly time series for the inflation rate in
Saudi Arabia for the period February 1980 to September 2004 to identify the
pattern of change in the rate of inflation, then build a model from ARIMA family
that helps to predict the values of the rate of inflation in the short term. The
model of ARIMA showed some seasonal effects on the inflation rate during the

study period.
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Massimilianc (2008) focused on Predicting the future evolution of GDP

growth and inflation 1n US for the period J anuary 1959 to February 2004 through

models based economic theory and time series model. It used bootstrap algorithm

to evaluate the statistical significance of results. The main conclusion was -in

T
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general- linear time series models can be hardly beaten if they are carefully
specified. Richard and Stephen (2012) discussed the time series analysis of
Canada’s inflation rate from 1995 to the end of 2011, The results shown
significant lags in autoregressive process at lags 5,7,12 and 24, also, moving
average process at lag 1,5,12 and 24. The appropriate  model was
SARMA(0,0,0)(2,0,2),,. Sharif (2012) reviewed basic fundamentals inflation
targeting and determined the criteria success of the Central Bank of Egypt in the
implementation of these policies since 2005, date of the announcement of an
official policy towards inflation targeting. He used simple vector autoregressive
(VAR) model to analyze time series (January 2000 to December 2010) of
inflation rate and tests the sensitivity of inflation to changes in selected monetary
variable. Final result indicated that interest rate channel has a weak effect on
inflation rate, but it was strengthened after the introduction of the corridor in
2005. Also, inflation rate has positive relation with exchange rate market, and
this justifies using short run interest rate as an operational target by the CBE in
the meantime. For better inflation targeting policy must met CBE independence

which is the ultimate and the main perquisite for adoption of inflation targeting,
3. Theoretical Background

Methodology of Box and Jenkins Based on two tools Autoregressive (AR) and
Moving Average (MA), but Box and Jenkins Reunion in one methodology
2, =0z,  +..+ Dz, , -0, —n=08,_ +e,...(2)
known as ARIMA Models, where "I" stahding for "Integrated", which level of

stability in the series after a certain number of differences. The ARMA model

has the following form:

Where:
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2Ly, Ly, Loy, the stationary data points;
€, €tis €2y --....... the present and prior forecast errors;
K, Ot Ot Or2s <. Op Oy, Ory,...... parameters of regression model.

Where ¢, a function in rank of Autoregressive (AR), i equal periods of
deceleration, while ©®,; a function in value of error, model of ARMA built
according to the following steps outlined in figure (2). Methodology Box-Jenkins
can be extended to include seasonal autoregressive and seasonal moving average

terms.

Figure2: THE BASIC STEPS IN THE BOX-JENKINS PROCEDURE
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4. Model (Identification and Estimation)

Inflation is a measure as the percent of annual change in the consumer price

index (CPI). So, the following formula (CSO of Yemen 2010) wiil be used:
Inflation Rate = [(CPI, - CPI,.,;) / CPI;]*100 (3)
Where:
CPI;: CPl in current year
CPI,.;: CPI in previous year, t=2,3,....., T
Calculate monthly inflation by using the following formula:

[(CPT sanuary 2008 = CP january 2007) / CPI january 2007]* 100 4)

Egypt passed through periods of stability and other periods rise in inflation
through 1996 to 2012. The period from 1996 has high inflation as a result of
setting fire of the financial crisis in Asia and consequent on that of decline in
flows of foreign investment and Increase imbalance in the balance of trade,
followed by the stability in rates of inflation even 2004 where exchange rate
deregulation Led to rising inflation again ranged between 12% and 18%, and
during 2008 and 2009 Egypt suffered from negative update for higher
corhmodity prices globally and the subprime crisis in the United States, which
led to high rates of inflation to reach 23.6% in August 2008. the rate of inflation
during the From January to December of 2012 has decrease, where the rate
moved from 8.5% J anuary 2012 to 4.6% in December of the same year due to the
economic slowdown and the decline in the purchasing power, and the decline in

demand for commodities.
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Figure3: inflation Rate in Egypt (1996:2012) monthly daia
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4.1. Methodology of Box and Jenkins

According to figure (3), it can be noticed that Inflation series has
instability in mean and variance. To solve instability in variance mathematical
transformation such as square root or Natural logarithm will be used while ACF
and PACF plots or Dickey-Fuller test will be used to check for any non-
stationarity in mean, In the case of moral instability in the Mean, the differences
will be used for soothing it. Figure (4) below shows transformation of Natural
logarithm which has the same efficiency with square root in stationarity variance

(model was action in the case of the square root, the result showed a high

Figure 4: Transformation of Natural logarithm and square root
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capacity for Natural logarithm about square root of the sample dafa modeling).
we can choose Natural logarithm where majority of the literature of time series
analysis indicates to the ability of transformation of logarithm in the soothing of

the series compared with other transformations.

In this part we check the mean of inflation rate is constant or not through

ACF plot and Dickey-Fuller test. It's clear from figure (5) that the series is not

constant in mean.

Figure 5: ACF plot -

1.00
L

Q80
|

“Autcoondstions o Icgrlatian
Qoo
i

40

- " = oy - e

0 ‘ 10 L 20 30 : 40
< : . Lag v

Bartlett's formula for MA(q) 95% confidence bands

Dickey-Fuller test indicate that the mean is not constant, so the first

difference will be taken to produce series constant in mean.

Dickey-Fuller test for unit root Number of obs = 203
---------- Interpolated Dickey-Fuller -=memnn--
Test 1% Critical =~ 5% Critical ~ 10% Critical

Statistic Value Value Value

Z(t) -1.609 -3.476 -2.883 -2.573

MacKinnon approximate p-value for Z(t) = 0.4790

-
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Figure 6: Stage of new series constant in { Variance and Mean)
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Figure (7) represents the new series ¥, which is constant in mean.

Figure 7: First difference plot
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‘According to figure(8) it can be noticed that ACF and PACF of {Y,} is
large at lag 12 while lag 1 close to significance and PACF is large at lag 12 and
lag 24 also lag-l close to significance, indicating that MA(1);, model may exist.
To fit SARIMA model based on ACF and PACF plots we will run different
SARIMA models with Akaike Information Criteria (AIC) to select the best

one.
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Figured: ACF plet and the PACF plot
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AIC is given by (-2 log L + 2m) where m = p+q+P-+Q (P is the coefficient
of Autoregressive seasonal and Q is the coefficient of Partial Autoregressive
seasonal) and L is the likelihood function. The fit model that had lowest AIC

among other models will be selected.

Table2: Value of AIC for several models

Model p q P Q AIC
1 1 0 0 0 -172.991
2 1 0 0 0 -174.9629
3 1 0 1 0 -210.0458
4 1 0 1 0 -208.0551
5 1 1 0 0 -173.4959
6 1 1 0 0 -171.5227
7 1 0 0 1 -214.8936
8 1 0 1 1 -213.0122
9 1 0 1 I 2149832
10 1 1 1 1 2132193
1 0 ©0 y 0 -209.5837
12 0 0 1 1 -214.5785
13 1 0 0 1 -216.8478
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From table (2). the fit model for inflation rate in BEgypt is
SARIMA (1,1,0) (0,0,1);,
This can be written in the following form:

Y=0.1089901Y,.1+0.4937277¢;.;, (5)

Figure 9: Origin Inflation Rate VS Predict Inflation
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4.2. Linear Regression Analysis

Linear Regression Analysis can be used in all types of knowledge and
application areas such as economic, social and environmental, where allows of
assessing the impact of explanatory variables, which usually reflect the impact of

regulations, policies and time

In this section, we estimate regression equétion and compared it with
SARIMA model where Random er’rbrs, the appropriate model using linear
regression for sample data was third degree with log transfer, where the
researcher built seven models (first, second and third degree) for original series
and same degree for log transfer, addition to build nonlinear model (exponential

regression) without significant difference fit indictor comparison linear models.
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The indictor of fit model (F-test, R MSE) showed the it model was

log(inflation) with third degree in time.

Figurel0: Scatter-diagram between Inflation and Time (third degoree)
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Figurell: Scatter-diagram between Inflation and Inflation at (first lag)
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Figurel2: Scatter-diagram between Log(Inflation) and Time (third degree)
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. reg loginflation t tt ttt
Source Ss df MS Number of obs = 204
F( 3, 200) = 151.73
Model 67.8473534 3 22.6157845 Prob > F = 0.0000
Residual 29.8113464 200 .149056732 R-squared = 0.6947
- Adj R-squared = 0.6902
Total 97.6586998 203 .481077339 Root MSE = 38608
loginflation Coef. std. Err. t P>jt| [95% Conf. Interval]
t -.0596043 .0046416 -12.84 0.000 ~.068757 -.0504515
tt .0007764 .0000525 14.78 0.000 .0006728 .00088
ttt -2.45e~06 1.69e-07 -14,54 0.000 -2,78e-06 -2.12e-06
_cons 2.284733 .1101421 20.74 0.000 2.067544 2.501%22
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Table (4) shows indictor of error between the five linear regression models.

Table 4: Comparison between models linear regression

Sign Parameter
(2. =0.05) From

Model Adj R? MSE  F-test D-W
Total Parameter
Model
Inflation=a-+f; Time+ '
e 3 0.535 11.878  78.98 121 Sig(all)
B, Time™ By Time
Log(Inflation)=o-+p; Time 0.358 0.309 114.3 .081 Sig(all)
Log(Inflation)=c+p, Time+ )
. 0.366 0.305 59.58 .082 Sig(1 from 3)
B>Time
Log(Inflation)=a+p, Time+ :
g 0.69 0.149. 151.93 165 Sig(all)
BTime™ B3 Time
Inflation=a-+B Time(-1) 0.9443 1.43 34242 .1.24 Sig(1 from 2)

5. Diagnostic checking

Figurel3: Histogram of residual and Normal Q-Q plot
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Methodology of Box and Jenkins

In this part run tests with the residuals for sure if the model of SARIMA
built on sample data for log(Inflation) is actually a good fit. We examine the
residuals for our SARIMA(1,1,0)(0,0,1)12 model, if the model is appropriate, the

residuals should distributed white noise model.

The histogram of the residuals appears look like distributed normally. The
QQ plot of the residuals shows a fairly straight line, suggesting normality of the

residuals. We can conclude that the residuals distributed white noise model.

Figureld: ACF plot and PACF plot of residuals
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The ACF and PACF of the residuals equal approximately O at all lags if the

model distributes white noise.

Figurel5: ACF plot and PACF plot of residuals
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Table (4) shows indictor of ervor between the five linear regression models.

Table 4: Comparison between models linear regression

Sign Parameter
(a =0.05) From

Model Adj R? MSE  F-test D-W
Total Parameter
Model
Inflation=g+f, Time+ )
T 0.535 11.878 - 7898 121 Sig(all)
B,Time™" B3 Time
Log(Inflation)=a+8,Time 0.358 0.309 114.3 081 Sig(alh)

Log(Inflation)=a+p, Time+

5 0.366 0305  59.58  .082 Sig(1 from 3)
B.Time

Log(Inflation)=o+f, Time+

0.69 0.149 15173  .165 Sig(all
B.Time?* B;Time’ (@l

Inflation=a+f, Time(-1) 0.9443 1.43 34242 124 Sig(1 from 2)

5. Diagnostic checking

Figurel3: Histogram of residual and Normal Q-Q plot
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5.1.Methodology of Box and Jenkins

In this part run tests with the residuals for sure if the model of SARIMA
built on sample data for log(Inflation) is actually a good fit. We examine the
residuals for our SARIMA(1,1,0)(0,0,1);, model, if the model is appropriate, the

residuals should distributed white noise model.

The histogram of the residuals appears look like distributed normally. The
QQ plot of the residuals shows a fairly straight line, suggesting normality of the

residuals. We can conclude that the residuals distributed white noise model.

Figurel4: ACF plot and PACT plot of residuals
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The ACF and PACF of the residuals equal approximately 0 at all lags if the

model distributes white noise.

Figurel5: ACF plot and PACF plot of residuals
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5.2.Linear Regression Analysis

In this section we'll examine significant errors in the absence (p # 0) for
log(inflation) a function in time from first, second and third degree. There is no
need for the rest of the tests determine the efficiency of the model in this case the
Box- Jenkins methodology, and otherwise the rest of the tests will be conducted

to reach the fit model.

It's clear from figure 14 and 15 the Box- Jenkins methodology more
efficiency comparison with Linear Regression Analysis in time series analysis

for inflation rate through period from January 1996 to December 2012.
6. Making forecasts

The fitting values of SARIMA model for inflation rate for first three
month for 2013 year and some other mode were disused in paper such as the
SARIMA model for square root inflation and model linear regression for log

inflation from third degree were:

SARIMA SARIMA
LLOO0,  osdnfatomza
Month (1,190)(03031)12 +B1Time+ :
value
log (Inflation) ~quare.Root B, Time™* BsTime’
(Inflation)
January 4.926 5.242 4,889 6.318
February 4814 5.146 4.646 8.258
March 4,803 5.109 4.409 7.586

From The predict inflation rate using SARIMA(1,1,0)(0,0,1),, after
Natural logarithm transformation was found that far away as approximately 2%
at least about the actual values for the rate of inflation. This can be explained

insufficient the time analysis using SARIMA Models only to predict inflation,

79




Agth

which may indicate inflation is affected by economic variables more effective

about time in a forecasting by the future path.
7. Conclusions

The paper studied inflation rate in Egypt to estimate a model to predict
inflation values in the short run. Data from CAPMAS during the period from
January 1996 to December 2012 has been used, where applied time series
analysis On the other hand, examined five linear regression models for modeling
the s’ample data in order to ensure the efficiency of the final model to predict the
inflation rate. The SARIMA (1,1,0%0,0,1)» model using natural logarithm

transformation is the fit model for this data.

The study found that a series of Egypt's inflation rate is nonstationary in
mean during the study period, where required for stability take the first
differences, also the series is nonstationary in variance therefore been using the

natural logarithm transformation.
8. Recommendations

For more accurately in predict by inflation rate we can use other
methodologies such as (ARMAX, VAR model), that reduce the difference was

evident between predict and actual values.

From the high values of actual inflation about first three month in 2013 we
can advise the government to reduce inflation by taking fiscal and monetary

policies as:

A - Fiscal policy: Increasing taxes on luxury goods handled by a few residents of

high-income earners and reducing government spending on luxury budget.

B - Monetary policy: Increasing the discount rate and increasing the legal reserve

ratio to reduce ability banks in introduce Loans for citizens.
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Time Series: [dentification and WModeling for Discrete Dynamic System

Zidan, AL *

Abstract

The paper takes advantage of the practical measurement from some price system and the time
series theory to model and to analyze the system. Using the data dependent systems (DDS) to
identification and modeling of easy stochastic dynamic systems, especially The Egyptian
Mobinil Stock Price. lts purpose is to briefly characterize fundamental terms and equations of
time series and to describe algorithm of a statistically adequate discrete model of stochastically
discrete dynamic system. The paper discusses the stability and reversibility of the system. The
Green function, the inverse function, and the Autocovariance function are also shown as
characterize the ARMA (n, n-1) model. All the modeling and analysis procedures are realized by
DDS Toolbox-MATLAB™ software. The results show that Mobinil stock price system is stability

and reversibility.

Key words

Data Dependent System (DDS), Green's Function, Time Series Analyses, System Identification,
Modeling, ARMA (n, n-1) models, Criterion of Model Adequacy, System Stability, and
Invertability.

1. Introduction

The goal of time series analysis is to develop suitable models and obtain accurate predictions for
measurements over time of various kinds of phenomena. In statistics and econometrics, and in
particular in time series analysis, an autoregressive integrated moving average (ARIMA)
model is a generalization of an autoregressive moving average (ARMA) model. These models are
fitted to time series data either to better understand the data or to predict future points in the series
(forecasting). They are applied in some cases where data show evidence of non-stationarity,
where an initial differencing step (corresponding to the "integrated" part of the model) can be
applied to remove the non-stationarity.

The model is generally referred to as an ARIMA(p,d,q) model where parameters p, d, and g are
non-negative integers that refer to the order of the autoregressive, integrated, and moving average
parts of the model respectively, ARIMA models form an important part of the Box-Jenkins
approach to time-series modelling.

In time series analysis, the Box-Jenkins methodology, named after the statisticians George Box
and Gwilym Jenkins, applies autoregressive moving average ARMA or ARIMA models to find
the best fit of a time series to past values of this time series, in order to make forecasts.

*M.Sc. Student in ISSR - Department of Applied Statistics and Econometrics- Cairo aniversity
Lecturer - Department of Basics Sciences - Modern Academy for Computer Since and Management

Technology - Cairo - Maadi
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The original mode! uses an iterative three-stage modeling approach:

T

1. Model identification and model selection: making sure that the variables are stationary,
identifying seasonality in the dependent series (seasonally differencing it if necessary), and
using plots of the autocorrelation and partial autocorrelation functions of the dependent time
series to decide which (if any) autoregressive or moving average component should be used
in the model.

s:
b
,f

2. Parameter estimation using computation algorithms to arrive at coefficients which best fit
the selected ARIMA model. The most common methods use maximum likelihood estimation
or non-linear least-squares estimation.

3. Model checking by testing whether the estimated model conforms to the specifications of a
stationary univariate process. In particular, the residuals should be independent of each other
and constant in mean and variance over time. (Plotting the mean and variance of residuals
over time and performing a Ljung-Box test or plotting autocorrelation and partial
autocorrelation of the residuals are helpful to identify misspecification.) If the estimation is
inadequate, we have to return to step one and attempt to build a better model.

Data Dependent Systems (DDS) is a technique which through development of the
difference/differential equations governing the system underlying the data directly without
requiring any conjectures or guesses, Pandit and Shaw (1981), and Pandit and Wu (1983). For
example suppose that an ARMA (5; 3) model is required for the data. Then we could have fitted
as many as 27 models before reaching the adequate model: By using ARMA (n, n-1), whereas the
5 models in the system approach would automatically be checked by modeling procedure

The DDS simplify the two dimensions ARMA(n, m) to one dimension ARMA(n,n-1). S.M.Wu
and S.M.Pandit (1983) pointed out each stable random sequence can be approximated to an
required precision with an ARMA(n,n-1) model whete n is large enough. According to this, the
determination of can be dealt along the linear direction.

Time series Analysis: We can think of time series as being generated by a stochastic process, or
the data generating process (DGP).A time series (sample) is a particular realization of the DGP
(population).Time series analysis is-the estimation of difference equations containing stochastic

(error) terms.

A “solution” of a difference equation is a “Funection” that reduces the equation to an identity.
Solving a Difference Equation by Recursive Substitution or Dynamic Multipliers “IMPLUSE
RESPONSE FUNCTION”, The purpose of DDS is to introduce ARMA model in the form of
stochastic linear difference equations to express this dependence. We will use the name Green's
function to emphasize the basic theory of difference equations.

The real justification for the ARMA(n, n-1) strategy comes from treating the time series as the
response of a dynamic system to random and independent or uncorrelated input, rather than
trying to fit ARMA(n, m) models with unknown n and m to a series of dependent observations.

The DDS has been applied in many different fields in the Industrial and Management Systems,
Engineering area, business, operations research, quality control, human factors, and ergonomics,
for more details see: Amar (2010), Dong et al. (2003, 2007), Ermer and Notohardjono (1984),
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Huggins (2012), Karanasos (2007, Keyvan (2001}, Koustis er al. (2011), Leitner {2001, 2009},
Leitmer and Uridek (2010), Lu and Xin (2010}, Nourbakhsh (2012), Oraby es al. (2005}, Owen
et al. (2001), Pandit (1981), Pandit and Wu (1983), Steude! et al. (1977), Tarawneh et al.
(2012), Williams er al. (1994), Williams and Rajurkar (1989), and Zhu (2007).

2. Data Dependent Systems DDS,

The DDS methodology uses Non Linear least-square techniques to fit a series of
difference/differential equations to the observed data until statistically adequate approximation is
reached. The data is reduced to an uncorrelated residual series of white noise impulses that are
free of any dynamics by the autoregressive moving average (ARMA) model function. The model
itself contains the dynamics of the system and can be analyzed to find these dynamics and the
corresponding properties of the system. No prior knowledge of the system is necessary for
modeling it.

DDS reduces the correlated data to an uncorrelated or white noise process, which is the random
component. The function which does the reduction is called the Green's function, Pandit (1981).
The form of the DDS ARMA models easily yields the Green's function (impulse response
function), and the autocovariance function Green's function in the form of a linear combination of
exponentials and damped sinusoidal can be related to the physical phenomena generating the

signal,

Pandit in 1981 found that the Green's function lends itself to more fundamental interpretation and
analysis. Green's function can reduce the memory of a system to a single random disturbance.
This method has been used to understands the system dynamics of a variety of systems, Rajurkar
and Nissen (1985), Rajurkar e al. (1988), and Williams (1989),

3." Green's Function and the Orthogonal or Wold's Decomposition

The expansion of X, with the help of Green's function, given by equation x, = Zj:o #la,_ ; for
an AR(1) system, can also be considered as an "Orthogonal Decomposition" of X, as the sum of
perpendicular vectors (G; a.;) in an infinite dimensional space.

The concept of an "Orthogonal Decomposition" of stationary stochastic process or time series X,
into sum of uncorrelated random variables is very important, the expansion in equation (3-2).
X, = Zj;a ¢la,_ , is known as Wold's decomposition it can be used to derive all statistical

properties of the time series,[Bisgaard and Kulahci (2011), and Pandit and Wu (1983)]

. Pandit and Wu (1983) pointed out, that each stable random sequence can be approximated to an

required precision with an ARMA (n,n-1) model where n is large enough. According to this, the
determination of ARMA (n, n-1) can be dealt along the linear direction. Namely, the DDS
simplify the two dimensions (n, m) to one dimension. When talking about the value of n, it
increases in twice. The principal idea of an autoregressive expression of a discrete stationary
stochastic process is to express dependence of each immediate value of process ¥, not as a
function of time but as a function of former values.




Therefore, the simplest type of dependence will be the linear dependence of immediate values X,

on immediate previous values X, is:

xt :¢1xt—-l+at ' (1)

Which describes @ so called autoregressive model of first order, next signed AR (1).

The measure @ of dependence from immediate values X, proceeding ones can be determined
using a linear least square procedure which minimizes the sum of deviation squares. This
approach can be generalized on dependence of immediate X, values on former # values, which
can be described as autoregressive model of n-" orders - AR (n) as:

X, = ¢1x,_1 +¢2x,_2 +""“+¢nxf—n +a, vevinen (2)

The basic presumption of adequacy of AR (n) model is the independence of stochastic values a,
which must form an independent series. If this presumption does not apply it means that a,
depends on a.i, a2, 3 .. etc. The pure autoregressive models change to Autoregressive
Moving Average Models - ARMA, generally of (n, m) order. With use of ARMA models one
can express more complex types of internal dependencies, and as it will be shown further, their
parameters have a very narrow dependence with the physical principal of followed processes .

A general type of ARMA dependence is a model of n-" order in an autoregressive part and (n-1)-
th order in moving average part — ARMA (n, n-1) described by :

XI _%Xl—] _CDZXI—Z anX 1=i = eal-l —92621-2 Tt ‘—‘ell-lal—nﬂ Ceereenss (3)

one can suppose, that residual deviations a, are of normal distribution of probability with zero
mean and dispersion of o7 , a, ~ NID(0,0?)

The basic characteristics of ARMA models are impulse response function — so called Greens

function which can express conditions of stability of models, and inverse function describing

dynamics of models by expression if influence of former values of the process on the present ones
. To express it more simply we can introduce a back shift operator B in general mode defined as:

BX,=X,, ,oeB'X =X, N '
and using this the general ARMA (n, n-1) model form, from equation (3) gets the form:
(I-$B-¢B ~...m$,B")X, =(1-6B -6,8"~...=6, B")a, (5)

Greens function G; of difference equation (5) can be used to express values of X, as a linear
combination of stochastlc values of at as:

x =Y, Ga, =Y, _ G s _(G, +G,+G, +....)a ,,,,,,, ©

ey
£k




Stmilarty can be expressed the value of %, as a linear combination of former values, Function of
coefficients I in this expression is called inverse function "which is defined as:

I3

X, =30X  +aq )
=l

a=01-1B-0,B*-..0x, )

The second property function of the system is inverse function. It represents the current x, by
using the past responsex, . This function keeps some restraints on the parameters of MA model.

That is the requirement of system's reversibility.

The condition of stability of ARMA (n, n-1) model is generally in form ] <1, for
k=12,.,n . Where A, are roots of characteristic equation on
Left-hand side of equation (3) in form of:

An _¢‘/1n-l __¢2/1/1~2 "‘.......'—¢” :O

Similarly we can defined a condition of inevitability as | &, | < 1, fork = 1,2,..,n-1.. where vy are
roots of characteristic equation on right hand side of relationship (3) in form of:

)

The third dynamic property of the system is autocovariance function. Tt represents the statistic
character of dependence relationship among random variables x, .
Xt’ Xt—lXt—Z’ e (1D
Just like Green's, Inverse function, and the theoretical autocovariance function completely
characterizes an ARMA model. That is, given a model we can find any of these functions, and
given a form of these functions we can find the ARMA model corresponding to it.

4. - Algorithm of Statistically Adequate Discrete Model Determination

As it was indicated in the former section, the aim of identification is to determine order n of
statistically adequate model ARMA (n, n-1), coefficients on left and right-hand side (9,, @,...,0,,
8y, 63...,6,.1) and sum of squares of residual deviations Za,z (or their dispersion Gj ). Because
of the necessity of recurrent determination of deviations gt from the start, the result is from the

point of view of coefficients non-linear. So that it necessary to apply a nonlinear least square
procedure looking in interactive steps for the minimum of sum of squares.

A special case of identification therefore forms pure autoregressive models of n-" orders AR(n)
because for determination of its parameters a linear least squares procedure is suitable, Searched
vector of coefficients: .




nievence o
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p=lg, @, . B
b=lg o ) e (12)
of AR(n) model one gets as a solution of matrix equation :

So=T S (13)
where: S=X'X and T=X'Y

Where:
I Xn Xn—l Xl

X=X, x, x| (14)
_XN-l XN—Z XN-n
FXnH
X

Y = ':"“2 ceneeen (13)
L. XN

This gives the least squares estimated as: ¢ = (X’X)_lX’Y

and;

A ]. Y 2 2 N 2

a —"——'—_Z (X/—¢1X/—l—¢2XI-—2— """" _¢nX1~n)

(N -n), S = (16)

A2 2
g, _Zat

Further steps in an identification procedure (determination of an optimum order n of AR (n)
model) are similar to that of general ARMA (n, n-1) model.

5. Determination of starting guess of parameters

The main problem in solution of effective identification algorithm of ARMA (n, n-1) model is the
guessing of (B4, @,...,0,) ©, (6y, 0,....8,.) © Values to ensure convergence of used iterative
method and not too big a number of steps. The best of tested methods is the one based on
expression of inverse function. These formulas are then linear for each type of ARMA (n, n-1)
model,

Using general ARMA (n, n-1) in operator form (4) and for a ’s giving such a definition of inverse
function in form (8), comparing values by same powers of operators one gets system of equations
as:




b=0,-0,+1,
¢3 :@3 wgl‘[Z ‘“92]1 +I3

.........

-0,1, ,-0, [ +], ,forkx]

For all / with the assumption that 6, =0 forj > n-land 5251- =0 for j > n for the ARMA (n, n-
1) model. In particular, then forj > n is:

(1-6B-6,B*~.... -6,B"),=0 (18)
I'mean that parameters ¢; and b, one can jet knowing values of inverse functions J,. To solve the

pure autoregressive model AR (p) can be used for a system of equations (13) is ; = &, for j=1,
2..pand Jj = Ofor(f > p).

6. Procedure of starting guess of parameters & &, of general ARMA (n, n-1) model is
then as follows:

a) Solutions of parameters aj of an AR (p) model where p=2n-1 and values of inverse functions
Ij simultaneously.

b) Determination of moving average parameters 6;by solving set of linear equations using
equation (13) for j = n+1, n+2, ..., 2n-1,

¢) - Determination of autoregressive parameters @; using set of equations (13) and then
parameters 8,

7, Criterion of ARMA (n, n-1) model adequacy

To judge adequacy of chooses order # of ARMA (n, n-1) model (eventually AR (n) model) the
procedure of statistical-hypothesis testing was used.

The test of model adequacy is in a principle the test of statistical independence of deviations a,.
The standard F-test of statistical significance of two sample differences was chosen and this test
was modified as a test of statistically significant decrease of the sum of squares. If one has to
specify when by a regressive model with r parameters can be s of them counted as zero having N
observations the test criterion becomes form as:

A A g -
N N —r (19)

.......

F

Where 4, is sum of squares of higher order model, 4, sum of squares of initial model. Resulting
value of F'is to be compared to value of Ferit found in the table of critical values of F —
distribution for (V - ) and s degrees of freedom and chosen level of probability (mostly 95 %).
When we get that:




il

Hesear

aj 1> Ferii (SN = r) g o5 then decrease the sum of squares during a change to higher order
model was statistically significant, therefore, the initial model was not suitable.

b) On the other hand, if F'< F crit(S, N=r) ¢ o5, the initial model was statistically adequate then
an increase of its order does not make sense .

8. Algorithm of optimum model determination

Using former shown dependencies and formulas one can describe an optimum ARMA (n, n-1)
model getting algorithm in words as follows.

1. Calculation of ARMA (2n, 2n-1) model parameters for n=! and its sum of squares
Ay = Zalz

2. Increase of order n — (n+1) and calculation of model parameters and sum of squares 4,.

3. Testing of statistically significance of sum of squares decrease A4 =4, ~4,.In case that

decrease is statistically significant, go to previous step (2). In the other case the former model
was statistical adequate.

4, Test of @iy, O, parameters if their value is near zero or if their internal of confidence
contains zero. When not ARMA (2n, 2n-1) 'model is suitable.

5. When @,,, 85, are zeros or near zero, calculation of ARMA (2n-1, 2n-2) model parameters,
6. Testing of moving average parameters 8; of ARMA (2n-1, 2n-2) model. If some of them are
near zero, create of ARMA (2n-1,m) model for m < 2n-2 and calculation of its parameters

eventually of pure AR (2n-1) model.

9. Dissection and analysis the characters ARMA (n, n-1)

The model is:
X, =%, = Pax, L, =9 _ela/fl s (20)
Where:  ¢,=0.7632 , ¢, =0.1810 , 6 =-0.3716
Since the following relationships hold:
b+d, <, ¢-4 <1, |g]<1, and [§|<I,

By definition of the system stability and inevitability, since the roots of ARMA (2, 1) are:
A4 = 09531, 4, = -0.1899, v, =-03716

The stability and inevitability conditions:

Acl<1 , b=t
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One can conclude that this model is stabie and irreversible which is a necessary condition to make
appropriate conclusions about the model. The DDS model reduces the correlated data to an
uncorrelated or white noise process. The function that does the reduction is called the Green’s
Function.

I  Green’s Function

The Green function is the first dynamic property of system. It expounds how the disturbance
influences the system response. This function keeps some restraints on the parameters of AR
model. That is the requirement of system's stability.

This function is the impulse response function of the ARMA model. The Green’s F unction, in the

form of linear combination of exponentials and damped sinusoidal, can be related to physical
phenomenon of the behavior of the Egyptian Mobinil stock price, and its model is given below.

The project used the explicit method of Green’s Function in calculus, and it is represented as:
G, =g +g,1] e (23)

Since A, A, are distinct roots, then:

G, =[GE A+ 4 ]

...... (24)
g=G ), = (25)
That is,
/11+/q’2=¢1 H ’112‘2= '¢2’ ori /7.1,/12=-§-(¢,i\/¢12+4¢2) """" (26)

Whére the result is: ;
G, =1.1589%(0.9531) - 0.1589% (-0.1899)

The Aland A2 are the characteristic roots of the second order linear difference equation and for
this model they are real roots. A system is stable when Green’s Function is asymptotically
unbiased in an exponential way.

One of the characteristic roots, A, =0.9531, is very close to unity and thus exhibits a nearly
random price component. It should be noted that the DDS estimates the value of root A, correctly
instead of using a differencing operation before modeling. This strategy not only provides a
precise representation of the data but also makes it possible to evaluate the contribution of the




stock price as a component in the development of the Kgyptian Mobinil stock price in

marketing.

Green's Function

Figure 1: Green’s Function

The Green's Function as system dynamics can be interpreted in two ways, The first is indicator of
how well the shocks a.-;j are remembered by the system j time units back for j =0,1,2,..., t. The
second is how quickly the system will return to its equilibrium. The plot of the impulse response
or Gj for the ARMA (2, 1) model of the price system is shown in Figure (1). Note that the figure
shows the value G, = 1 and trend of G; — 0 when j — o, [Amar (2010), Huggins (2012), and
Nourbakhsh (2012)].

The Green’s function retuins to zero quickly. The figure demonstrates that the system returns to -
balance rapidly after fransient oscillation. The Mobinil stock price System is stable. The figure

.......... saannearisne

(1) shows the Mobinil stock price rate impulse response which has a slow decay, and it exhibits
a strong memory behavior.

The function of the line appears to be asymptotically stable. By definition whether the function
curve approaches a finite value, it is called stable, and if this value is trending to zero we could
conclude that the curve is asymptotically stable.

The equation:

G, = 1.1589*(0.9531)/ —0.1589*(~0.1899)/

Reveals that the Mobinil stock price rate consists of two parts:

s The first part, contributed by the root 11 = 0.9764, effectively denotes slow decay, high
inertia, or strong memory. The second part, which comes from the root A4, = —0.1899 ,

expresses a dependent or correlated noise component.

= The root A, (the correlated noise component) dominates the short-term response behavior of
the Mobinil stock price before the correlation time of 247 days, whereas the root 4, (the
random walk component) determines the long-term response behavior.

5
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I Iaverse Function:

The second property function of the system is inverse function. It represents the current x, by

using the past responsex, . i.e. X, = Z]/.X,_j o, 27
J=1

The coefficient /, in the equation is inverse function. This function keeps some restraints on the

parameters of MA model. That is the requirement of system's reversibility Seen from the Figure

).

Inverse functlon i)

10 0 m %0 ) 20 ) 100

Figure 2: The Inverse Function

Seen from the Figure (2), the inverse function returns to zero quickly. The figure demonstrates
that the system dynamic response attenuate quickly. So the system returns to balance rapidly. The
Mobinil stock price System is reversible.

III ‘Autocovariance Function

The third dynamic property of the system is autocovariance function Fig (3). It represents the
statistic character of dependence relationship among random variablesx, .

Ve =4 (A +d ()" +ntd, #(4,) e (28)
In this case:
Ve =4 A" +d (A s (29)

The weight of each AR roots in model variance: d, = 1812392 ,d, = —~1.6195 Then:

7, =181.2392%(0.9531 ) + -1.6195%(=0.1899 }* The variance:
vo=d, +d, =179.6197

e
s
e
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Figure (3): Autocovariance Function

Autocovariance function returns to zero quickly. The figure demonstrates that the system returns
to balance rapidly after fransient oscillation. Just as the Green function and the inverse function,

..................................

the autocovariance function can completely characterize the ARMA(n,n-1) model.

10. Response Generation Using Green’s Function.

A measure, which can be used to determine the system dynamic characteristics and behaviors,
represented by the response amplitude X, is obtained by evaluating the system’s response as a
reaction to regular disturbances a, A dynamically stable system with no sudden variability is
expected to behave in such a way that its output response amplitude Xt is with a similar pattern to
the excited force. Deviation from such a state is usually attributed to some external effects such as
Mobinil stock price, to a change in the system’s dynamic features. To extract the tool’s dynamic
behavior under progressive Mobinil stock price, the system response X, of the ARMA (2, 1) can

X, = ® Gag. = ! G a
be generated according to relation: =220 zf*"” i e (30)

The result show that the response generation of disturbances using Green’s function for ARMA
(2, ) with ¢, =0.7632 , ¢, =0.1810 , 6, =—0.3716, become smooth as the positive values of

$'s ,and for large positive values there is a tendency towered trends and long runs.

11, Forecasting

Xp H-o(X,)

d
Figure 4: 25-Step ahead forecast
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From the figure (4), the middle line is the predicted value; the upper and lower lines are the 95%

confidence interval.

We can know that the predicted value has smooth and closed from the limits of confidence
interval. Clear from the figure 6.8 that all the prediction values fall within the forecast period for
25 - ahead step forecasting, as that not widen in prediction period, [Bisgaard and Kulahei (2011),
Box and Jenkins (1970), and Rajurkar and Nissen (1985)].

This refers to the appropriate model to predict accurately. The Function appears that high values
of predict and then gradually decline prediction. The prediction within the sample also appears
that close to the prediction values. By using Data Dependent Systems (DDS), the result arrived at
the suitable model to be fitted. The results indicate that in the near future, by implementing the
model arrived at in this thesis, there will not be any increase in the level of significance in
Mobinil stock price.

12. CONCLUSIONS

An efficient algorithm for identification and modeling of Mobinil stock price System has been
presented in this paper. The algorithm is based on DDS. As an improvement, concerning the
obvious tendency in the system data, we extract the tendency before modeling. In doing so, the
calculation complexity and the order of the model are decreased. It also shortens the modeling
time.

The modeling research demonstrated that this model was stable, reversible and rational., At the
same time, because MATLAB™ is good at calculation, we realize all the procedure and analysis
by it. ‘ :

By the modeling and discussing of the Egyptian Mobinil stock price System, we can draw the
conclusions that the algorithm can assess identification of Mobinil stock price System quickly,
accurately, easily and efficiently, it can completely realize the pre-assignment.
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Calibration Estimation in Stratified Sampling

El-Sheikh A.A*, Abdel-Rahman H. Mohamed**

Abstract

Calibration is commonly used in survey sampling to include auxiliary information
to increase the precision of the estimates of population parameters as total and/or
means. In this paper, the most commonly distances that introduced in the literatures
will be reviewed. Also, we newly propose calibration estimators in stratified random

sample for equal and proportion allocation by using three suggested distances

Keywords: Auxiliary Information — Calibration - Distance Measures -.Stratified

Sampling.

1- Introduction

Calibration has become a widely used procedure for estimatiog in sample
survey. Deville and Sérndal (1992) presented calibration estimators in survey. It used
auxiliary information to produce efficient estimates. Calibration requires that the
population totals for one or more auxiliary variables have been known. The efficiency
of the calibration estimator depends on how well auxiliary variables explain the
variability of y (The variable of interest).

There are four major advantages of calibration estimation in survey sampling:.

(1) Calibration as a linear weighting method. The fixation on weighting methods on
the part of the leading national statistical agencies was a powerful driving force

behind calibration.
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** Ph.D Student of Appliéd Statistics and Econometrics, [.S.S.R, Cairo University
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(2) Calibration as a sysiemailc way to use auxiliary information. Calibration provided
a systematic way to take auxiliary information into account.

(3) Calibration to achieve consistency. The calibration equations imposed consistency
on the weight system, so that, when applied to the auxiliary variables, it will confirm
(be consistent with) known aggregates for those same auxiliary variables.

(4) Calibration for convenience. Harms and Duchesne (2006) pointed out, “The
calibration approach has gained popularity in real applications because the resulting
estimates are easy to interpret and to motivate, relying, as they do, on design weights
and natural calibration constraints.” Calibration on known totals strikes the typical
user as transparent and natural. '

In this paper, new calibration estimator for improving variance estimator with the
aid of auxiliary information in stratified random sampling for different scheme will be
introduced. The paper is organized as follows: Section 2 reviews the calibration
method in survey sampling. Section 3 suggests calibration estimation for stratified
sampling, We introduced a new calibration estimator using five distance measures in
stratified sampling with the aid of auxiliary information and proposed the estimator of
variance of calibration estimator for each case.

2. Literature Review of Calibration Estimation in Sampling Survey

Wu (1999), provided a unified framework to deal with the effective use of
complete auxiliary information from survey data at the estimation stage. The
proposed method involved modeling the relationship between the variable of interest
aﬁd the auxiliary variables, and then incorporating the auxiliary information into
design-consistent estimators of finite population means, totals, distribution functions
and quantiles through the predicted values using calibration and empirical likelihood
methods. Estevao and Sérndal (2000), noted that distance minimization is not the only
possible starting point for calibration. They defined and developed an alternative, the
tunctional form approach. Also, in (2002) they showed that there are exactly nine
different subsets of the complete information, for a total ten different cases of
auxiliary information. Kim, et al (2006), proposed various calibration approach ratio
estimators and derived the estimator of the variance of the calibration approach ratio-
type estimators in stratified sampling for four estimators to the use of complete
auxiliary information to estimate ratio estimator and derived the estimator of variance

of calibration approach ratio estimators.
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2.1 General Set-Up

Suppose that the finite population consists of N identifiable units. Associated with
the i"unit are, the study variable, Y., and a vector of auxiliary variables, x,. The
values x;,x,,..xy are known for the entire population but y, is known only if the ;"
unit is selected in the sample, s . A sample s of size # is drawn without replacement
according to a probabilistic sampling plan with inclusion probabilities m,=priies).

2.2 Review of the Calibration Estimator

i

Let, d, be the design-weight associated with unit 7, d, =-1—. The theory of
, 7

calibration estimators is developed in Deville and Sarndal (1992). They proposed a
general method of deriving so called calibration estimators by first choosing a

distance measure @, between the basic design weights d, and the revised calibration
weights w, and then minimizing this distance subject to specified benchmark

constraints.

The most commonly used distance measure is the chi-square distance,

(w, —d :
i=12,..,n (2-1)
; 2dlql

Where the ¢, s are known positive weights unrelated to d,. Note that w,=d, =0
for i¢s. The uniform weights ¢, = 1 are used in most applications. A distance
measure O, between the weights d; and the “calibrated” weights w, has to satisfy
the following criteria:
1.® (w,,d,)20; @, is differentiable with respect tow,; strictly convex; and
D (d;,d)=0.

2. ;E- = ®(w,,d,) is continuous and one-to-one.
v

!

The calibration estimator of y is constructed as

)7(: ZZ Wilis (2-2)

i=|

where the calibration weights, w, , are chosen to minimize @, subject to the

constraint
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For the chi-square distance, the resulting calibration estimator is

n

N g A »
Vo= Z WY, = Yur +(Z X, = %) B 2-4)
i1

i=[

n
Where y,,, the Horvitz-Thompson estimator for total y, %,, = Z d,x,

i=
The Horvitz-Thompson estimator for total x, 8 =[T']"Y" d,g,x,"y,
i=]

n

where, T = > d,g,x,"x, and assuming that the inverse of T exist.
i=1

Proof:
Consider the Lagrange function:

n -—d‘ 2 o N
,L(CDS;wi)=Z Q%E;I_L—ﬂ] (z‘ w"xi_zl x)

So,

oL _ 2(w,=d) r
ow, 2d,q,

By equating the partial derivative to 0, it yields
w,=A"xd,q +4d, - (2-5)
By substituting equation (2-5) in (2-3) to get,

N n n
AT == dx 'Y digx 5] (2-6)
i=1 i=1

i=1

By substituting equation (2-6) in (2-5) to get,

N n . . j
w, =d, +[Zx, -Z dx] [Z dlqixlrxl]—l d,q,%, 2-7)
=1 =1 =l

By substituting equation (2-7) in (2-2) to get,

n N n ] n
Ve =Z dy +[in "Z dixi]r[z dinxllxi]—lz d,9,%,y;
just i=l i=l i=1

i=]
3- Calibration Estimation for Stratified Sampling

Suppose the population consists of A strata with N, units in the 4" stratum from

which a simple random sample of size n, is taken without replacement. Let, total

. . H s H .
population size be N=Zh=1 N, and sample size be n=zh=I n, , respectively.




th

o

Associated with the /" unit of the A" stratum there are two values Yy and xowith

¥, >0 being the covariate which the " unit selected from the A” stratum ,where

H
i=12,.n,. For the A" stratum, let W, = N 5/ N be the stratum weights, N = ZN,,
h=|

H H
.Xzz W,X,and Y=Z W,X,, f=n,/N, the sample fraction, Assume X,
h=l h=l

denote the value of the i unit of the auxiliary variable in the 2" stratum about which
information known at the unit level or at the stratum level.

The main aim of this section is to derive the éalibration estimator for the
parameters of interest with the case of stratified simple random sampling when only
X is known for two kind of stratified sample, equal and porpotion allocation.

3-1 The Calibration Estimator for stratified sample for generalized distance

A- Equal Allocation
The calibration estimator for the above sampling scheme is defined as
H Ny
Yesr e =Z Zwmyhi (3-1)
h=l =l

Where w,, are the calibration weights for stratified sample for the i” unit in the A"
stratum, which are chosen to minimize @, and the subscript of § is CST.E4

(calibration for stratified sample in equal allocation) .

The most commonly used distance measure is the chi-square distance,

& (Wli ~d1i)2
0,5 § Cu-d

(3-2)
b=l =l 2d,q,

Where the ¢, s are known positive weights unrelated to d w - The uniform weights

gw =1 areused in most applications. Minimize (3-2) subject to the constraint

H

i H N
Z Z Wi X gy =z Z X i (3"3)
i=l h=l =i

h=|
Proof:
Consider the Lagrange function

L(D ;w )=i HZI —-—-————(w”’ md’"’)z—/l"'(i "Zhw X -—Z X
27 2d,,,-6]h,- = L hi** hi v hi

h=l  i=l t=]

So,
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ow, 2d ., q,

i ) A7 7
- A i/p h i

Equating the partial derivative to 0 yields,
wy = d (L+ AT x,q,) (3-4)

By substituting equation (3-4) in (3-3) to get,

"y

/u (Z Z x/“._.z Z dluxh/) (Z Z dh/quluxlu)ml

i=l

Substituting by A" results

1y

H ny H
w hi =[d/u' +(Z thi _Z Z dhlxltl) (Z Z dluthxhlxhl) ldluthxlw] (3-5)

hel el el el h=] el
Then substituting equation (3-5) in (3-1) to get,

Hy

iy . H n, . H "
hY _Z Z dluyh/ +[(Z lell Z Z dhixhi )I (Z Z dhiqhix/iixhi )—IZ Z dhiqullﬂyhi]

h=l . i=l h=li=l h=li=l h=l - i=l h=l i=|
B- Proportional Allocation

According to proportional allocation, the sample is allocated according to

f=n/N . This implies that %:N =...=7v”-=f ‘

Since using simple random sampling in each stratum the probability of any sampling

unit in stratum % being included in the subsample n, is —= f for all strata, then
h

n, = —‘?\%n , this simply shows that # should be allocated according to N, /N .

The calibration estimator is defined as

My

Vesrpa = Z Z Wi i ~ (3-6)

h=|
Where Jegrp, is calibration estimator for stratified sample in case of proportional

allocation.

The most commonly used distance measure is the chi-square distance,

2y

(W/H d/u ) '
D, E E 3-7
h=I i=l 2dlu ‘. : ( )

Minimize (3-7) subject to the constraint

N/l

H N ",
Z T#Z whix/:i =Z Z xlu (3-8)

hr=|
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Consider the Lagrange function

H N ", W “"d, 2 N, i, H N,
L(q)s;w//):z M“’LZ M'— Z / Z W,”‘C,” —Z xl:i)
h=l N i=l 2d/n hl i= h=t  i=l
So,
oL 2w (w,, - d, -
- h( hi hi ) - /?’I‘I/thhi
ow h 2d hi th

Equating the partial derivative to 0 yields,
Wi = dy(L+ Ax,q,) (3-9)

By substituting equation (3-9) in (3-8) to get,

H Ny T ny
7 / T T -1

z‘lu Z Z Lwi Z . Z e hi ) (Z Z quhlx wi % h )

h=1 i=l h=t i=1 i=1
Substituting by A" results

N, H N Hy
wy, =[d), +( th/ "Z — Z dyx,) (Z h Z dhlqluxlﬂxlu) ] (3-10)
W=l =] h=l N i=l h=t

Then substituting equation (3-10) in (3-6) to get,

y 1y iy

y (ST.P4 "Z Z dlﬂy hi +[(Z Z‘Chl Z h/ Z dlux Iu) (Z h Z dhzq/uxlux/u IZ h Z dh/anx luy Iu]

h=l I { h=1 =l h=l h=l I 1 h=)

3-2 Minimum entropy distance
A- Equal Allocation

The calibration estimation is

1y
Yesr = Z Zwluyhl ' (3'11)
b=l i=l
By using minimum entropy distance

H Ny W i
D, =D > (-dy log(=)+w), = d,)/ g, (3-12)
b=l 1= hi

and calibration condition
Nh '
Z Z WX “Z Z X ' , (3-13)
= {=i i=
By using (3-1 1), (3 12) and (3- 13) cahbratlon estimator of minimum entropy distance

can be obtained as,

ny H N, H oy H

Y esr i "Z Z WY i '*'[Z Z xlu'—z Z Ay ] [Z Z d/uV/u) Z Z‘]m X ] t Z Yo

= hat =l C b=l = hi=

S
v
R
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B- Propertion Allocation

The calibration estimator is defined as

Vesrr “Z h Z WY b (3-14)
By using minimum entropy dlstance
H N my
CD.v = Z Z ( dln lOg( )+W hi d/:i )/th (3'1 5)
h=1 N i=l dhi
and calibration condition
H N ny H N Ny
Z —]\T/I"Z Wi hi :Z ']—vb'z X (3-16)
h=l i=i h=l i=1

Using (3-14), (3-15) and (3-16) calibration estimator of minimum entropy distance

can be obtained as,

y(SI LA —Z Z Inyhr Z Z vhl Z hz d/n /u][z hz dluxhl )_‘[Z . Z%urlu Il 1]1\\/[ ylu
1= i=]

h—) h-—l h—l

3-3 New Distance (1)
A- Equal Allocation

Calibration estimator using new distance 1 will be derived as,

Hy

Vesron = z Zme’m . (3-17)

h=l i=l
The new distance 1 measure is,

H 1y A d N 2
®, = Z Z (Wy zu)z (3-18)
= = 2d,q,, 08,

Where p is the correlation betweenx,,,y, , it takes the value p=1. Or p<1 or

p>1, we used p=1. s,° is the variance between auxiliary variable For the A"

stratum. For every distance measure there is a corresponding set of calibrated weights

and a calibration estimator. Minimize (3-18) subject to the constraint

H oy H N,

Z Z Whrxhl - Z len . (3-19)

h=l =i h=1  i=l|

Proof:
By using equations (3-18) and (3-19), the Lagrange function will be,
H I
. (W/ -d, ) T
LD w,)=) A~ A ( WX, —X)
g ; 2dluqm IOSIU th ; e

So,




A OW (w. - d
al LW, (wy, d )

: AW x

2 o hi

dw h 2d widni P hi .
Equating the partial derivative to 0, it yields

Wy =d, (1+ ﬂrx,,,.q,,, PS/?i ) (3-20)
By substituting equation (3-20) in (3-19) to get,

N, ", ",

hl "(Z Z X Z Z dln‘clu) (Z Z dhlthpshlvh/xhi) (3_21)

h=l  i=| h=l =l h=l i=l

By substltutmg equation (3-21) in (3-20) to get,

H NII

wlzi Iu 1+(Z Z Y/u Z Zdh/xhl) (Z Z thmhlxhl X“hi) xl1lQh//ag ] (3-22)

h=1 =l b=l f=l h=l =l

Then substituting equation (3-22) in (3-17) to get,

", M Hom A

Vestsa Z Zd/u}’/v +(Z Z Xy Z Z ayx), )I(Z Zdh‘%ﬂlwlvxhxh) IZ th%:a" Vi

h=l i=l h=l i=l h=t i=] h=l =l h=l 1=l

B- Proportional Allocation

The calibration estimator is defined as
H Hy,

Vesr = Z hz_,wmy/u (3-23)

The new distance 1 measure is,

(D.‘. — i _fy_h_i (]’Vhl .—dhl)z (3_24)
h=l1 N i=l 2dthhinghl
Minimize (3-24) subject to the constraint (3.19) and by using equation (3-23)

calibration estimator for new distance 1 can be derived as,

Vs *Z I'Zdlayh +(Z "an Z Zdh X)) (Z ZthIuﬁE/.x/1x/, lz Z"h%ﬂ‘ Vi

h=l h=l =l h=l =l

3-4 New distance (2)
A-Equal Allocation

The calibration estimator for equal allocation is defined as

ih

Vesr = Z Z WyiVhi | (3-25)

A=l il
By using new distance (2)

(3-26)

i 2wy =+dy,)’
I

2
qlxi IOSIM'

h=l =

and calibration condition

S
o
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Z,; Z WXy = Z‘, X (3”2, 7}
h=! h=l  i=l

Calibration estlmatm will be derived by minimize (3-26) subject to the

constraint (3-27), considering the Lagrange function

L(CD‘NVVI’)— ) QY: 2(M ﬁ) ZAT(Z i W/Hrhl 5

)

h=1 j=1 q/npslu h=1  i=l =l i=| /

So,
oL A/ dhi 1 r
=2(1 - ) —— A Xy
ow,, \/whi G i PS
Equating the partial derivative to 0, it yields
AT X, G PSE -2

Wy =d, (1= ___‘_C_lu_qz_lu.gify_) ) (3-28)
By substituting equation (3-28) in (3-27) to get,

Ny, ny, , 1 H ny Zdh,\fh,

= -(Z Z xlu i Z Z dlu t/u (Z ""——) (3-29)
h=| h=1"i=] q/uphshlxlll

By subst1tut1ng equatxon (3-29) in (3-28) to get,

H N, H ",
Wy, = dy, (1/ (1+QI./P;;S/3ix/1i(Z vahi X X)) !(Z Z 24, ‘% ) (3-30)
el X

/1-1 i=l heli=t i Py, h/ Xni
Substituting by (3-30) in (3-25) to get,

Hoom, H Ny B
j> CALEA ZZ Z d/tiyhi[l/ (1+(Z thl Z Z dhlxh/) B (z Z h‘xhl )Z Z qh/lollélllvlll)]

=] e b=y el et G S /,, Xpg el )

B- Proportion Allocation
The calibration estimator is defined as

Vesr = Z Ny Z WV (3-31)

h=|
By using new dxstance 2

o =% Mg 2=

(3-32)
m N /—x i Psm
and calibration condition
"y, H N N
Z /1 Z WX g Z _j—h— X - ‘ (3'33)
i= h=l i =1

Using (3-31),(3-32) and (3-33) . The calibration estimator will be:




H \/' ll/, " N, 7
R 4/ oy f J \[V ) [Z X
\ . 7 WA N lr‘ . h UV h ln“ fn
Jeanea z Hl/uyh/[ ‘\I + ‘\2 2 i 2 dln /11} {E I E T
= VG NV et AV et qmthSquIu

3-5 New Distance (3)
A~ Equal Allocation
The calibration estimator is defined as

H iy

Yesrea = Z Z Wl
h=t =l

By using New distance 3

H Ay

(D‘,- = Z Z (H}hl _dlll)z /ZW//,/C]I”,OS;,

h=t =l
and calibration condition

n/l N h

Z Z ”)/ﬂx/u "'Z Z x/u
i=

",

Z Z []/uphsln V/u) j

(3-34)

(3-35)

(3-36)

we derlvmg cahbratlon estlmator by minimize (3-35) subject to the constraint (3- 36)

Proof:

if consider the Lagrange function

R (wlu dhl ) T & &
L((Ds;whi) z Z - [Z z Whikni _Z Z xh/]
i=1

h=l =] 2]’Vl1lql1/ laghl A==t h=l
With partial derivative 6L/ 6w, '
2
aL w /31 T ¥
B * hi
aWh/ 2q/ﬂ ,OS/,,
Equating the partial derivative to 0, it yields

Wy =d,[1- 2q, ,DS,?, /?'Txh/ ]-”2
By substituting equation (3-37) in (3-36) to get,

H y
Z d hi xlrl

H
=1 h=1 i=|
=-3 Xy = Z 2 duxy) T (5 )
A=l Q=1 A=l =i 2
Z Z i P S Xpy

Substituting by (3-38) in (3-37) leading to

' H
N, H Z Z W%
dlu /(l + q/,,,D;,S/,,xh, (Z Z ‘C/ﬂ - Z Zldh/xhl)’-l( H h=|,1,' = ))

Substituting by (3-39) in (3-34) leading to

o
ey

(3-37)

(3-38)

(3-39)




St §

H , , N,
Yea LE4 T Z Z /ny hi + (Z ZdlucI/up IIS/Hx/lI ) (Z Z Xpi
b=l =l

h=l =l h=l =t

B- Proportion Allocation

The calibration estimator is defined as
"h

N /1
Yeostea = Z Z W i

By using new distance 3

H N, G
CD.\' = Z —];—/LLZ_;, (w/ll —dhi)z /zwlllqllipslfl

and calibration condition
H ny,

I DI

h=l i=1

Using (3-40),(3-41) and (3

N,

Z xhl

-42)The calibration estimator is

hl X wo=

TM:

1,

y CALPA T Z Z dlny h / [G + (Z Zd/uqluphshlxhi) (Z Z Kni

et 4 i-l k=l =l Ir-]

Y
My Z Z,ad

hi x/ll

L D)
Z Z qhi P hslff x/li

b=l =l

Z Zdluxln )' B (

=l =l

(3-40)
(3-41)

(3-42)

H]vln,,

, Z zdlllx/li
RO YRR Ge el

i=l h
Z N q/uphslnxhl

=l
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Box~Pierce (Ljung-Box)
P-Value 0.294 > 0.05

SARIMA (0,1,1)(1,1,0):

(1-B) (1-8B) (1-B )Yt = C +(1-6B)et
(1-B) (1+1.0021p") (1-p'*) Yt = 31.876 +(1-0.9223 B)et

2 4 3 25
¥e+0.00218%Ye - 1.0021F*Ye- pYe~0.00214° Yet+1.0021p Ye=

32.876 -0.9223p




Final Estimates of Parameters

Type Coef SE Coef T P
AR 1 =0.1039 0.2550 -0.41 0.688
SAR 12 -1.0021 0.0440 -22.76 0.000
MA 1 0.9223 0.1928 4.78 0.000

Constant 31.876 7.906 4,03 0.001

Differencing: 1 regular, 1 seasonal of order 12

Nunber of observations: Original series 36, after

differencing 23
Residuals: sSSs
excluded)

3491570 (backforecasts

Ms = 183767 DF = 19

Modified Box-Pierce (Ljung-Box) Chi-Square
statistic

Lag 12 24 36 48
Chi-Square 9.6 * * *

DF 8 * Kok
P-Value 0 ? * * *

Forecasts from period 35

95 Percent
. Limits
Period Forecast Lower Upper Actual
36 7575.83 9256.60
37 8748.26  7907.59 9588.93
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Independent Samples Test

Levene's Test for Equality

of Variances t-test for Equality of Means

Sig. (2- Mean

F Sig. £ df tailed) Difference

Ll Losth Equal variances 154.998 .000 8.262 70 .000| 4195.000
assumed

Equal variances not 8.262| 38.064 .000 4195.000
assumed

sl 30 Equal variances 49.503 .000 9.142 70 000} 12198.44
assumed

Equal variances not .9.142| 46.686 000 12198.44
assumed

rlaal Equal variances 94,988 .000 11.297 70 .000) 6186.361
Al assumed

Equal variances not 11.297| 36.806 .000| 6186.361
assumed
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Variables |
Aisalil) ddazl) il Al | il Claual
oald gl Mean 5371.36 18364.92 7208.19
N 36| 36 36
Std. Deviation: 2981.659 73595.688 3244.189
Maximum 8932 31558 13749
Minimum 1334 8011 2120
oS plad Mean - 1176.36 6166.47 1021.83
N 36 36 36
Std. Deviation 624.404| 3066.085 521.200
Maximum 2894 10278 1569
Minimum 356 400 20
Total Mean 3273.86 12265.69 4115.01
N 72 72 72
Std. Deviation 3006.028 8325.961 3876.171
Maximum}| 8932 31558 13749
Minimum 356 400 201 -
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