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1. Introduction 

 

The Italian pension system underwent a major reform process during the Nineties and is 

now moving from a defined benefit system to a defined contribution one, while 

maintaining the pay-as-you-go financing. The reform process originated from the financial 

unbalances of the previous system, which were predicted to worsen - due to the 

demographic development - in the future. The pension system has been deeply reshaped, 

although through an extremely long transition, as the reforms will be fully phased in - for 

the flows of new pensions - after 2030.  

These changes raised a number of issues, which have been and still are studied by 

economists: how will pension expenditure evolve in the future (RGS, 2004), how money’s 

worth measures for the different cohorts will change (Fornero and Castellino, 2001), how 

have workers reacted in terms of labour supply (Borella, Belloni and Fornero, 2005) or in 

terms of saving behaviour (Attanasio and Brugiavini, 2003), how reforms influenced 

household’s expectations on retirement outcomes and wealth accumulation decisions 

(Jappelli, Padula and Bottazzi, 2003), and so on. A point that has been less studied until 

now is how the redistributive features of the pension system will be affected by the 

reforms.  

Previous work on redistribution induced by the Italian pension system design has focused 

either on the pre-reform system (Castellino, 1995) or on a comparison between the pre-

reform and the post-reform one (Borella, 2004b). Those studies found that the defined 

benefit (DB) pre-reform system, intrinsically redistributive, also operated a “perverse” 

redistribution, from the poor to the rich. The new notional defined contribution (NDC) 

system, which does not have a direct redistributive aim, will certainly reduce the inequities 

of the previous system1.  

Our simulation study is focused on the long transition process, during which retiring 

workers will be entitled to benefits computed with a pro-rata mechanism, that is as an 

 

1 Although some redistribution still originates from the natural dispersion of the individuals around the 

average socio demographic characteristics the NDC formula is calibrated to, i.e. mortality, gender and marital 

status.  
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average of the DB and of the NDC benefit, weighted for the number of years spent in each 

regime.  

We address this issue by building a micro-simulation model, CeRPSIM, able to simulate 

heterogeneous lives and earnings histories for individuals belonging to various cohorts, and 

to compute the resulting pension benefits, covering the various stages of the transition 

process until the reforms will be fully operative.  

Pension benefits crucially depend on the earnings pattern of each individual: in order to 

build realistic earnings histories we decompose the earnings process into a deterministic, 

group specific age profile, and an unobserved component modelled as an ARMA process 

plus an individual effect. The needed parameters are estimated on a sample of 

administrative data. In addition, the rules governing the computation of the pension 

benefits have been implemented in the model with great detail and a good approximation 

to the effective rules, following their evolution until convergence to the new NDC system. 

This procedure gives us the possibility to study the distribution of the benefits within each 

cohort, and to follow its evolution – induced by the pension reform –  through successive 

cohorts, until convergence to the new rules.  

We evaluate within- and between-generation redistribution against an actuarial fairness 

benchmark. As discussed in Disney (1999), actuarial fairness has an intra- and an inter-

generational dimension. A system can be considered actuarially fair from an intra-

generational perspective if, as underlined by Palmer (1999), it assigns the same return to 

contributions to individuals belonging to the same cohort and retiring at the same age, 

irrespectively to their working patterns.  

That system is actuarially fair also in a inter-generational point of view if, being a pay-as-

you-go system, it grants to each cohort an internal rate of return equal to the historical rate 

of growth of the economy. In other words, an actuarially fair social security system can be 

seen as an almost pure insurance scheme against longevity with no redistributive aim. 

Since the main objective of this paper is to study the evolution of the interpersonal 

distribution of the pension benefits through the transition process, the analysis is 

conducted at the individual level. Other studies consider households as the objects of the 

analysis and argue that measures of income including leisure and home production are to 

be preferred to the solely evaluation of individual wage income (Coronado, Fullerton, 

Glass, 2000). However, taking households as the units of the analysis would require a 
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thorough modelling of the income tax and subsidy system, which goes beyond the scope of 

this work. 

In addition, our model does not include the potential behavioural responses induced by the 

social security system in terms of consumption, savings and labour supply. While individual 

behavioural responses to the incentives and constraints generated by the social security 

system can have a non negligible impact on the income distribution (see for example 

Hugget and Ventura, 1999, and Bianchi, Romanelli and Vagliasindi, 2003), they are not 

going to affect the degree of the actuarial fairness of the system – which only depends on 

the rules by which pension benefits are computed. 

A full consideration of those factors and their effect on the income distribution is left for 

future research. 

In section 2 we give a brief description of the Italian pension system, while in section 3 we 

describe the micro-simulation model. Section 4 describes the simulations and the results 

obtained, and section 5 concludes. 

2. The Italian Pension System 

2.1. The reforms 

The reforms that took place in Italy in 1992, in 1995 and in 1997 have deeply changed the 

public pension system2. The “traditional” system (i.e. before the first reform) was 

characterised by a defined benefit (DB) pension formula; different schemes were (and still 

are) in place with different rules. In the main scheme, the Pension Fund for Private Employees 

(FPLD), the pension was based on pensionable earnings – computed as the average of the 

last five years’ earnings - multiplied by the number of working years and by the annual 

accrual rate:  

∑
=

+−=
5
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where age is the individual’s age in his final working year, w is his gross annual earnings 

indexed for inflation, γ is the annual accrual rate and a is the number of years the individual 

has been active in the labour market. For public sector employees, pensionable earnings 
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coincided with the last wage (wage), while for self-employed workers the average was 

computed over the last ten years of taxable income from their activity. A redistributive 

feature of this system was represented by the non linearity of the annual accrual rate γ, 

which was equal to 2 per cent up to a given threshold, and gradually lowered for earnings 

exceeding that ceiling. In addition, a means-tested minimum benefit was guaranteed to all 

workers whose benefit is below a certain level. Other redistributive elements included 

generous survivors benefits, and the computation of notional contributions for workers 

temporarily out of the labour force. Benefits were indexed to wage growth. 

In addition, for private sector employees and for self-employed it was possible to claim a 

“seniority” pension after 35 years of contribution into the scheme, while public sector 

employees could retire after 20 years of work (15 years for married women). In both cases, 

seniority pensions were computed with the same mechanism as the old-age pensions, 

without any actuarial correction for the age at retirement. 

The first reform in 1992 modified the DB system, by setting different – and more stringent 

– eligibility rules and by gradually augmenting the number of years over which pensionable 

earnings are to be computed3. After the transition, pensionable earnings should have been 

computed for all schemes over the entire workers’ earnings history.  

However, the 1992 reform will never be fully phased in, given that the new 1995 reform 

started the (long) transition to a notional defined contribution (NDC) pension formula. 

After the 1995 reform will be fully in place the pension will be based on the contributions 

paid during the entire working period, notionally capitalised at the GDP nominal growth 

rate and converted into an actuarially fair annuity. During the transition, that is for workers 

already active in the labour force in 1995, the pension benefit will be computed with a pro-

rata mechanism. 

The NDC pension, for all categories of workers, is then computed as: 
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2 Parts of this paragraph are drawn from Borella (2004b). For a detailed exposition of the Italian Social 

Security system and its recent reforms, see also Brugiavini and Fornero (2001), Brugiavini (1999). 

3 The 1992 reform also ruled the indexation of pensions to prices. 
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where ci is the contribution paid by the worker at age i, g is GDP nominal growth rate, δ is 

an age-specific annuity rate and a  is the age at which the worker entered the labour 

market.  

The annuity rates δ are set by law as the inverse of the present value of a one unit benefit 

for the ages between 57 and 65. This present value has been computed as a weighted 

average for men and women, taking into account the probability of a worker’s heir to 

qualify for a survivor benefit and the amount of this benefit, assuming that in a couple the 

wife is three years younger than the husband. Until the first revision of the annuity rates 

planned for the year 2005, the mortality tables used are those issued by the Italian National 

Statistics Institute (ISTAT) for the year 1990, and the rate of return has been set equal to 

1.5 per cent (which corresponds to long-run real GDP growth)4. Benefits are then yearly 

adjusted only for price inflation, with partial indexation to high earners.  

As the coefficients vary only with the age at retirement, redistribution will still occur among 

men and women, as well as among married and unmarried individuals – ignoring the 

redistribution induced by differential mortality among members of each socio-demographic 

group (provided there is a correlation between mortality and wealth). Ceilings still apply as 

contributions are not paid on the fraction of earnings above a given threshold. Since the 

benefit is computed on the basis of the contributions paid, however, ceilings do not have 

any redistributive feature5. Different schemes and seniority pensions will gradually 

disappear, and flexibility of retirement age will be introduced. In particular, workers will be 

allowed to retire before reaching age 65, either if they paid contributions for not less than 

40 years, or, having paid contributions for not less than 5 years, if they are aged 57 or more, 

and the benefit they are entitled to is greater than 1.2 times the yearly income support 

provided to the elderly in needs6. The limit does not apply when workers reach age 65: at 

that age any worker can claim his pension and, if eligible, means-tested old-age income 

support.  

 

4 See table A in the reform law (335/1995). The same law states that the coefficients will have to be revised 

every 10 years, on the basis of the changes in longevity and in GDP growth.  

5 In fact, this corresponds to an advantage offered to high-income earners as long as the composition of the 

pension portfolio is inefficiently unbalanced in favour of the pay-as-you-go component; see Fornero (1995). 

6 Means-tested income support is provided in Italy to every person aged 65 or more. 
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The 1997 reform preserved the new benefit computation formula (NDC), but intervened 

to further restrict the eligibility requirements to claim a seniority pension during the 

transition. 

A new enabling bill (28 July 2004) introduces new – and more stringent – eligibility rules 

for seniority and old age pensions, both during the transition and in the new NDC regime. 

As the legislation is still under development, however, in our simulations we only show 

results based on the reforms made until 1997. 

The reform process of the ’90s also aimed to develop the funded private component: 

indeed, as shown in Borella, Fornero and Ponzetto (2004), the fraction of Italian families 

participating in supplementary private pensions schemes has increased over the last decade. 

Due to the their contributory nature and to the substantial regressive feature of their 

taxation, this would be an important element of an analysis of the redistributive impact of 

the pension reforms. Nonetheless, these schemes still represent no more than a very small 

fraction of the assets of Italian households and are consequently neglected in the rest of the 

analysis. 

 

2.2. The rules applying to current and future retirees 

The transitional period implied by the reforms will affect new pensioners until the 2030’s. 

Until then, the eligibility rules and the formulae to compute the benefits will evolve 

affecting in different ways different cohorts of workers. Starting with the year 2000, the 

first year in our simulations, we can thus distinguish three main groups of retiring workers: 

1 - Workers who had a seniority of at least 18 years at the end of 1995 (and thus under a 

regime which we call modified defined benefit, MDB): their pension benefit is computed 

completely with the defined benefit formula, but pensionable earnings are computed, for 

seniority after 1992, averaging over a longer period, according to the modified DB system 

set up by the 1992 reform and modified by 1997’s one. Eligibility requirements have been 

tightened with respect to the pre-1992 system: seniority pensions can be claimed only if the 

worker meets an age constraint (57 years, 58 for self-employed) in addition to seniority (35 

years for all workers). 

2 - Workers who entered the labour market before 1995 but had less than 18 years of 

seniority at that date (pro-rata, PR): their pension benefit is computed according to a pro-rata 

mechanism. The first part of the benefit refers to the pre-1995 years of contribution and is 
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computed as for MDB group. The second part refers to the post-1995 years of seniority 

and is computed with the NDC formula. Eligibility rules are the same as for the MDB 

group. 

3 - Workers who entered the labour market since the beginning of 1996 (notional defined 

contribution, NDC): these are the workers to whom the notional defined contribution 

system will fully apply.  

 

Finally, it should be noted that MDB and PR workers still benefit of minimum pensions, 

while NDC workers can only claim the means-tested old-age maintenance when they turn 

65. 

 

3. The micro-simulation model 

CeRPSIM is a micro-simulation model designed to analyse the distributional features 

embedded in the Italian pension system. It is composed of two main modules: the 

population module and the pension module. The pension module computes pension 

benefits according to the Italian legislation, for each simulated worker retiring from the 

year 2000. The normative framework supporting the transition has been implemented with 

great detail. A high degree of flexibility allows to implement relatively easily various 

possible reforms. Disability and pre-retirement survivors benefits have not been 

implemented yet. 

The population module is designed to support a cohort population and is able to simulate 

lifetime patterns for individuals born since 1950. As typical with multiple cohort 

populations, individuals belonging to successive cohorts to do not interact with each other. 

This kind of models has proved to be particularly useful in the analysis of inter-generational 

transfers and equity issues (Nelissen 1994, Caldwell et al. 1999; O’Donoghue, 2001, surveys 

the existing micro-simulation models). 

The simulated population evolves throughout a set of deterministic and stochastic 

elements.  

Discrete-state changes (marital status, labour status, …) are conditional on individual socio-

economic characteristics and are modelled throughout a Montecarlo procedure. They are  

evaluated by taking a random draw from a uniform distribution and comparing it to the 

relevant probability taken from the available socio-demographic surveys or from national 
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statistics data. If the value of the draw is higher than the sample probability, the individual 

changes his status. If not, the individual remains in the initial state. 

The process for the lifetime earnings paths is modelled, for each individual, as the sum of a 

group-specific deterministic component and of a group-specific stochastic component, 

estimated from a sample of administrative data. 

In what follows, we give a more detailed description of both modules. 

 

3.1. The cohort population module 

This module includes a demographic section and a labour market section, which simulate 

all the main life events for individuals belonging to different cohorts. As typical in artificial 

populations organised by cohorts, individuals, who do not interact with each other, are 

simulated from birth to death. 

Once individuals are born, their lives evolve according to various routines which determine 

the day and month of birth, gender, the region of residence, performance in the labour 

market, family status, survival. We describe these routines in turn, after having briefly 

described the data sources used. 

3.1.1. Data sources 

In addition to the information available from the national statistics data, we obtain the 

relevant probabilities (and labour income profiles) using two micro data sets:  the Bank of 

Italy survey (Survey of Households’ Income and Wealth, SHIW), and a sample of 

administrative data, drawn from the INPS archive ‘Estratti Conto’.  

The INPS archive officially records the complete earnings and contribution histories of all 

participants, i.e. employees in the private sector and some categories of self-employed 

(craftsmen, tradesmen and farmers). The available sample is formed by all individuals born 

on the 5 of March – so that the theoretical sample frequency is 1:365 – and reports spells 

from 1985 to 1998. The archive contains very rich information about the earnings histories 

of the covered workers, recording spells of unemployment as well as labour income earned 

each year. 

As typical with administrative data, demographic information is, on the other hand, less 

rich: the sample records the date and the province of birth of the worker, and gender. No 

information about the family status is available, nor about the education level of the 
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worker. This kind of information, for a sample representative of the Italian population, is 

available on the Bank of Italy survey (Survey of Households’ Income and Wealth, SHIW), 

which is run about every two years since 1989 to 20027. 

3.1.2. Life-invariant characteristics 

At the beginning of the simulation of each cohort, a user-set number of individuals aged 

zero are created. Each individual then enters the life-invariant characteristics routine which 

assigns the date of birth, gender and the region of residence.  

The routine randomly assigns, through the extraction of a random number from the 

uniform distribution, a day of the year in which the individual is born. It follows that in 

each cohort the date of birth is uniformly distributed through the year of birth: this feature 

of the program permits to model accurately the moment in which a worker is eligible to 

claim a pension benefit according to the so called “exit windows”, as this moment depends, 

among other things, on the date of birth. 

Gender and region of residence are also randomly assigned, through a Monte Carlo 

procedure, according to the gender and regional distribution of newly born children in the 

year 2002 (source: ISTAT, 2003a). 

 

Gender and region of residence incidence 

New born males incidence 51.25%

Dwelling place incidence   

 North 44.87%

 Centre 19.15%

 South 35.98%

Source: ISTAT, 2003a 

 

3.1.3. Mortality 

In each time period every individual enters the mortality subroutine, which determines 

whether he will survive or not in the simulated time period on the basis of gender specific 

 

7 See Brandolini and Cannari (1994) for a detailed description of the data and a comparison with 

macroeconomic data. 
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mortality tables. Individuals who are predicted to die in the simulated year still enter all the 

subsequent routines, until the cycle for the year in progress is completed. Afterwards, they 

are recorded as dead and they do not enter the population routines again. 

All our simulations are based on ISTAT 2000 mortality tables, as we assume that survival 

reached its steady state level in the year 2000. 

3.1.4. Education 

In the program, individuals are forced into education until they turn 15 (that is, they 

complete compulsory education). As recorded in the Bank of Italy Survey of Households 

Income and Wealth (SHIW), the fraction of individuals who do not complete compulsory 

education for cohorts born after 1950 is low and tends to zero for younger cohorts. In 

addition, according to the Italian legislation, individuals cannot work before reaching the 

age of 15, which means that they cannot start contributing into the pension system before 

that age.  

After an individual has completed his compulsory school, he decides whether to continue 

studying or not. The routine models this decision as a random process, and the 

probabilities of getting a higher or university degree are computed using the SHIW data. 

The probabilities vary according to: cohort (born before 1959, born on or after 1960), 

gender, region of residence (north, centre or south). 

Once the individual decides to start a cycle of study, he completes it (in other words, there 

are no drop-outs); this hypothesis is induced by the information available from the SHIW 

data, which report the degree achieved by each individual. Individuals who choose not to 

continue studying and individuals who complete their college enter the participation 

routine8. 

 

 

8 Post-graduate education in Italy is still quite limited and it is not modelled. 
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Education level by gender, region and cohort (percentage) 

 Males Females 

 North Centre South North Centre South 

Cohort 1950-1959       

compulsory school 45.38 50.82 58.95 49.85 53.58 61.76 

high school 41.85 38.46 30.67 38.26 34.27 29.35 

college 12.77 10.72 10.38 11.89 12.15 8.89 

Cohort 1960-1969       

compulsory school 42.92 45.26 49.20 35.90 39.74 48.37 

high school 45.72 46.21 39.52 51.45 48.14 40.78 

college 11.36 8.53 11.29 12.64 12.12 10.86 
Source: SHIW, various years 

 

 

3.1.5. Participation 

When individuals choose (or are forced by the program as they are college graduates) to be 

no longer students, they decide whether or not to enter the labour force. This decision is 

modelled as a once and for all choice: if an individual decides to enter the labour force, he 

will remain active into the labour market until he retires (or dies), possibly facing spells of 

unemployment. On the other hand, if an individual decides not to enter the labour force, 

he will remain forever out of it.  

Participation rates are specific for cohorts (born before and after 1968), gender and region, 

and refer to the year 2002 (source: Istat, 2003b). 

 

 

Participation rates by cohort, gender and region (percentage) 

  Men    Women  

 North Centre South  North Centre South 

Cohorts born in 1968 or before 0.95 0.94 0.91  0.68 0.63 0.43 

Cohorts born after 1968  0.95 0.94 0.91  0.79 0.68 0.46 

Source: Istat, 2003b 

 

3.1.6. First job 

When an individual first enters the labour force, he enters the first job routine, where he 

succeeds in finding his first job in the current year according to a certain probability. If he 

is not successful, he is recorded as not employed; in the subsequent time periods he will re-
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enter this routine until he succeeds in finding an occupation. Once a worker finds his first 

job, he will never enter this routine again. 

The probability of finding the first occupation is drawn from SHIW data, for the only 

cohort for which this kind of information is available (individuals born between 1970 and 

1979); we are therefore assuming that there are no cohort effects in the probability of 

finding the first job. 

The probabilities vary according to: age class (less or more than 24), gender, region of 

residence (north, centre and south). As the probabilities vary according to age class, we are 

implicitly taking into account the education level (college graduate enter the labour force 

after 24).  

 

Probability of unemployment conditional on looking for first job (percentage) 
Males   

 Less than 24 24 or more 

cohort 70-79   

North 9.2 5.3 

Centre 24.9 13.3 

South 51.2 32.2 

   

Females   

 Less than 24 24 or more 

cohort 70-79   

North 18.0 6.8 

Centre 27.9 16.5 

South 66.5 47.8 
Source: SHIW, various years 

 

3.1.7. Kind of employment and social security scheme 

Once an individual finds an occupation, he is randomly assigned a social security scheme 

and a professional qualification. He will not change these characteristics through all his life.  

The assignment of the social security scheme proceeds in two steps: a first random draw 

determines which of the three main schemes the worker belongs to: FPLD (private sector 

employee), INPDAP (public sector employee), or self-employed. The relevant probabilities, 

computed from the SHIW data, vary according to: region of residence (north, centre or 

south), education level (mandatory school, high school, university degree), gender, and 

cohort (born before or after 1960).  

 13



A second random draw determines the social security sub-scheme to which the worker 

belongs, when relevant: “regular”  private sector employee (86.7%) or agricultural worker 

(13.3%), if the main scheme is private sector employee; craftsman (40%), tradesman (40%) 

or farmer (20%) if the main scheme is self-employed. The relevant frequencies are 

computed from our administrative data sample, without any further sub-grouping as the 

number of observations at this level of disaggregation is limited. Although there is a variety 

of different social security sub-schemes also in the public sector, all the public workers are 

modelled as belonging to the main sub-scheme9.  

A third random draw determines, where relevant, whether the individual is a white or a 

blue collar, conditional on the scheme he belongs to. Individuals who start working before 

age 18 are registered as blue collars, individuals who start working after that age face a 

probability of being blue collars equal to 35% in the private sector, and to 10% in the 

public one10. These frequencies are computed from the administrative data (SHIW for 

public sector workers), without any further sub-grouping as the number of observations at 

this level of disaggregation is limited. 

 

3.1.8. Number of weeks 

Conditional on having a job, this routine determines, in two stages, a) whether the 

individual is employed or unemployed in a given year, and b) the number of weeks worked 

during that year, conditional on them being greater than zero. 

Probabilities of being unemployed given that in the previous year the worker was 

employed, and of being employed given that in the previous year the worker was 

unemployed have been computed using our administrative sample separately for private 

 

9 Which is the sub-scheme for local government employees (CPDEL). 

10 According to both administrative data and the SHIW sample, blue collars are about 70% of workers 

employed in the private sector, irrespective of their age at entry into the labour market. As for the public 

sector, according to the SHIW sample blue collars are about 20%. 

 14



employees, employees in the agricultural sector, and self-employed11. These probabilities 

vary according to age (in classes), gender, and region of residence12. 

In addition, private employees and employees in the agricultural sector face a certain 

probability of working less than a full year, conditional on being employed. These 

probabilities have been also computed from administrative data for the two groups of 

workers, and vary according to age and gender. Self-employed workers are assumed, 

conditional on working, to do so for a full year13. 

 

Unemployment rate – men, blue collar, by region and age class 
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11 Public sector employees do not face unemployment spells: on the one hand, we lack data to compute 

unemployment probabilities for this group of workers, on the other, it seems a reasonable assumption given 

the stability of work relationships in the Italian public sector. 

12 Due to sample size, the probability of being employed conditional on being unemployed in the previous 

year varies only according to age class and gender. 

13 According to our administrative data, the fraction of self-employed working less than a full year is 

negligible, and we do not model it. 
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3.1.9. Earnings 

Earnings profiles have been estimated on administrative data separately for private sector 

and self-employed workers, men and women, white and blue collars14. 

The estimated equation is: 

ititit

itiitit xy

ηρεε
εγβ

+=
++=

−1

ln
 

γi ~ (0, ) ; η2

γσ it ~ (0, ) 2

ησ

where xit is a vector of individual characteristics, including a constant, a polynomial in age 

(third degree for self-employed, fourth degree for employees), cohort dummies (cohorts 

1935, 1945, 1955, 1965, 1975), regional dummies (north, centre, south), and time dummies, 

which are assumed to sum up to zero and be orthogonal to a time trend. 

The unobserved component is assumed to be the sum of a random effect (γi) which does 

not vary over time and is uncorrelated with the explanatory variables included into the 

equation, plus an AR(1) component with parameter ρ. The AR(1) process plus individual 

random effect has been found to be a good characterization of the unobserved component 

of earnings in Italy in previous work (Borella, 2004a). 

In the micro-simulation model, each individual is given his average log earnings profile for 

his age and group (defined by cohort, gender, region and occupation) plus an error term 

formed by the sum of the two unobserved components. The first one is drawn from a 

normal distribution with variance  at the beginning of the active life, and it permanently 

shifts up or down the average profile for the individual it refers to. The second component, 

which is also individual-specific and varies over time, is formed by the shock from the 

previous period, times the autoregressive parameter ρ plus an error term drawn from a 

normal distribution with variance . 

2

γσ

2

ησ

 

 

14 Self-employed are further distinguished in craftsmen and tradesmen, excluding farmers. Farmers in our 

administrative sample who do not report zero income are less then 5%, resulting in a sample size too small to 

enable an estimate of the income profile. The zero-income report is mainly due to the pension legislation 

which requires a minimum payroll tax to be paid up to a threshold. All farmers with income below that 

threshold (i.e. the very vast majority) report zero income and pay the minimum payroll tax. 
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Estimates for unobserved error component  

 Males Females 

 
Blu 

collar 
white 
collar 

Self-
employed 

Blu 
collar 

white 
collar 

Self-
employed 

ρ 0.432 0.529 0.165 0.419 0.440 0.070 

ησ  
0.126 0.110 0.313 0.175 0.162 0.309 

γσ  
0.242 0.335 0.263 0.332 0.360 0.229 

 
 
 

3.1.10. Marital status 

In this routine individuals are recorded as children (as opposed to heads of households) 

until they finish their schooling years. When they are aged between 14 and 50, provided 

they are no longer students, they may get married according to the gender- and age-specific 

probabilities available from the 1991 Census data. Conditional on being married, and 

individual faces the possibility of becoming divorced (probabilities also in 1991 Census 

data) or widow(er) according to the mortality table used in the program. 

 

3.2. The pension module 

The pension module is a very detailed module able to compute pensionable earnings and 

the contributions paid, to check the eligibility requirements and to compute the pension 

benefit for a number of schemes and for different regimes. Pension benefits are computed 

for individuals who retire from the year 2000 onwards. The program flexibility enables the 

user to easily implement various parametric reforms of the pension system. 

The regimes covered in the program are: a) the modified defined benefit (MDB) regime, 

applying to those workers who contributed into their scheme at least for 18 years in 1995; 

b) the pro-rata (PR)  regime, which applies to workers who started contributing to their 

scheme before 1996 but had a seniority lower than 18 years in 1995; c) the notional defined 

contribution (NDC) scheme, which applies to workers who started contributing into their 

scheme on or after 199615. 

 

15 See section 2.2 for a more detailed description. 
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In addition, the same module computes the minimum pension – applying to retirees in 

regimes a) and b) – and the old age income maintenance – applying to non-retirees in 

regimes a) and b) and to all individuals in regime c). 

The schemes covered, as already mentioned, are: private sector employees, employees in 

the agricultural sector, public sector employees and self-employed, distinguished in 

craftsmen, tradesmen, farmers and farmers in disadvantaged regions. All these schemes 

differed in eligibility rules, payroll taxes and computation of benefits formulae before the 

1995 reform. The reform in 1995 set the principle of the uniformity of rules, and since that 

year a convergence process started, which is at present almost completed. Differences in 

the definition of pensionable earnings (or income) and in payroll-tax rates are nonetheless 

maintained also in the future. 

As retirement behaviour is not modelled, individuals are assumed to claim their pension 

benefit as soon as they are eligible: this requires not only that they meet the minimum 

eligibility requirement but also that they wait for an “exit window” to be active16. 

This module also computes, for each individual at the moment of retirement, the present 

value of payroll taxes paid during the whole working life and the present value of the 

pension benefits to be received17. These two quantities are the building blocks for various 

money’s worth measures used in the subsequent analysis. 

Finally, this module computes a measure of permanent income, defined as the present 

value at retirement of lifetime working incomes.  

 

4. Results 

4.1. Parameters setting 

To cover the transition to the NDC regime, we simulated 5 cohorts born in 1955, 1965, 

1975, 1985 and 1995. This choice allows the study of the distribution of the pension 

benefits for workers belonging to the different regimes outlined in section 2.2 above 

(MDB, PR, and NDC workers). 

 

16 Workers eligible to claim a pension can retire only in four predetermined periods during the year (the so-

called exit windows).  

17 See the Appendix for details and for the formulae used. 
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Throughout all the calculations presented in this paper we use a discount rate equal to 1.5% 

in real terms. However, as the results are likely to be sensible to the choice of this 

parameter, we also experiment with higher discount rates.   

We use historical values for the GDP real growth and the inflation rates until they are 

available (i.e. 2003), and we set the future GDP real growth rate equal to 1.5% and the 

future inflation rate equal to 1.6%. 

We assume that survival reached its steady state level in the year 2000. All the simulations 

are based on ISTAT 2000 mortality tables. From the year 2005 on, the annuity rates for the 

NDC formula are also upgraded to ISTAT 2000. 

4.2. Measures used to analyse redistribution 

The results of the simulations are described by a number of different measures. A first 

group of indicators is related to the measure of the benefit; among these we consider the 

first pension and the replacement ratio, defined as the first benefit received over the last 

wage. These statistics enable to analyse for each simulated cohort the income level and its 

variation in consequence of  retirement. 

We also use measures able to capture the expected money’s worth of participating to the 

public pension system, built on the present value of the pension benefits to be received and 

the present value of the payroll taxes paid, both valued at the time of retirement for each 

individual. The expected worthiness of participating to the social security system is 

expressed with respect to the opportunity cost of a lost alternative exogenously fixed 

(represented by the discount rate used for the calculations). 

A first possibility would be to compute the difference between these two present values, 

obtaining the well-known social security wealth (SSW) at retirement. If its value is greater 

than zero, participation advantages the individual respect to an alternative investment that 

gives a return equal to the discount rate applied in calculating his social security wealth. 

This measure allows to discriminate among individuals who benefit and individuals who 

loose from participating to the public social security system. However, gains and losses are 

expressed in absolute terms and do not capture individual differences in income. As we are 

interested in analysing redistribution among individuals with different income profiles and 

retiring at different ages, we use relative measures such as the present value ratio (PVR) and 

the lifetime tax rate. 
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The PVR is the benefit to tax ratio, i.e. the ratio between the present value of the pension 

benefits to be received and the present value of payroll taxes paid, both valued at 

retirement.  

This measure has the advantage, with respect to SSW, of being scale invariant. When 

computed at retirement, it allows immediate evaluations about the actuarial fairness of the 

social security rules. A PVR greater than one suggests that the individual is going to receive 

in terms of social security benefits more then it has actually paid in terms of payroll taxes.  

The lifetime tax rate is defined as minus the ratio between SSW and the present value of 

the lifetime working incomes. If the tax rate is positive, the individual pays more than he 

receives in terms of pension benefits; if negative, the individual pays less. Following 

Coronado et al. (2000) we use this measure to assess the progressivity of the system; if the 

tax rate is increasing in (permanent) income, the system is progressive18. 

 

4.3. Results 

We show results for five cohorts of simulated individuals, born since 1955 to 1995 with a 

ten year gap. Each cohort is formed by 15,000 heterogeneous individuals. In the first 

cohort, born in 1955, about 60% of the individuals receive a benefit computed according to 

the modified DB formula (MDB workers), while about 40% of them fall into the pro-rata 

mechanism (PR workers). In the second cohort, representing individuals born in 1965, 

almost all the workers receive a benefit computed with the pro-rata mechanism. In the 

third cohort (born in 1975) about 40% individuals receive a benefit entirely computed with 

the NDC system (NDC workers), while all the others are PR workers. Cohort 4 and 5 are 

both completely under the NDC system, and in some figures only cohort 4 is displayed. 

To better illustrate the pension rules driving the results, in figure 1 we show the first 

monthly benefit received by each individual in each cohort against the present value of the 

contributions paid during the entire working life. In particular, figure 1 focuses on workers 

 

18 Unlike Coronado et al. (2000), we take an individual perspective in which we do not account for measures 

of total household income and for potential differential mortality rates among different socio-economic 

groups.  
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retiring at 58, the mode age of retirement. All monetary values are expressed in euro at 

2000 prices; the present value of contributions is expressed in million euro.  

The figure shows how for the first cohort (upper left panel) the benefit is on average 

increasing in the contributions paid; the variance of the benefit itself, given the value of the 

contributions paid, is also notable. In particular, a group of individuals tend to receive a 

higher benefit given the contributions paid: these are public sector employees, who still 

have, in the MDB system, higher rates of return from public social security. 

For cohort 2, where individuals are all PR workers, the picture is equivalent but (not 

surprisingly) the dispersion is reduced, as the transition process implies a convergence of 

the rates of return from the pension system.  

Moving to cohort 3 and 4, the effect of the NDC system becomes apparent: the benefit is 

strictly linked to the amount of contributions paid by the worker during his life, and there 

is some residual variance especially at very low values of contributions paid. In particular, 

there still is a group of workers receiving on average a (slightly) higher benefit given the 

contributions paid: these workers are employed in the agricultural sector, and the payroll 

tax they actually pay converges more slowly, with respect to other workers, to its long-run 

value, over which the benefit is computed. 

This difference disappears in cohort 5 (graph not shown) where the only redistribution  left 

is in favour of low income individuals, and it is due to the presence of means tested income 

support granted to individuals aged 65 or more. 

From another perspective, the evolution of the PVR through time is also suggestive of the 

evolution of the pension system rules. Figure 2 reports the evolution over time of the PVR 

at retirement for the five cohorts simulated: workers belonging to cohort 1 start retiring in 

2010 and workers of cohort 5 finish retiring in 2061. This figure highlights the two main  

dimensions of variability in worthiness of participation induced by the pension system: 

there is variability “between and within cohorts”, and, among individuals belonging to the 

same cohort, “between and within different ages of retirement”.  

The PVR is, on average, well above 1 for all cohorts, indicating that on average workers 

receive in terms of pension benefit more than they actually paid through the payroll taxes 

during their active life. It is worth noticing that in cohort 1 the PVR is greater than one for 

virtually all workers. Given the real discount rate used, which is equal to 1.5%, this 

circumstance is true also for younger (i.e. NDC) cohorts, mainly because in the NDC 

system the payroll tax actually paid is (slightly) lower than the one used to compute the 
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benefit19. When raising the real discount rate, the PVR proportionally decreases for each 

individual (the present value of the contributions paid increases while the present value of 

future pension benefits is reduced with respect to our base case). For example a real 

interest rate of 4% results in an average and/or median PVR still greater than one for the 

first cohort, while it is well under unity for all the subsequent cohorts20. 

Another striking feature is that the PVR is on average decreasing through time (and so, 

between cohorts), as a consequence of the transition process. Once the NDC regime is 

fully implemented, that is from cohort 4 onwards, the average PVR stabilises. The box plot 

in figure 2bis better illustrates the point. In this figure, each box extends from the 25th to 

the 75th percentile of the PVR (the so called interquartile range, IQR). The line in the 

middle represents the median PVR. The lines emerging from the box extend to the upper 

and lower adjacent values (defined as the largest point less than or equal to: 75th 

percentile+1.5*IQR; the smallest point greater than or equal to: 25th percentile-1.5*IQR). 

Outside points are individually plotted. As shown in figure 2bis, both the median and the 

IQR are decreasing through cohorts. 

Within cohort variability is also decreasing, although without fully disappearing21. While the 

reform process brings to a greater uniformity of rules and, as a consequence, of treatment 

among individuals, some differences in rules across schemes persist in the NDC system  

(within cohorts 4 and 5). These differences are mainly due to the discrepancy between the 

payroll tax paid and the rate used to compute notional contributions, which varies across 

different schemes (employees/self-employed). Individual personal characteristics (gender, 

marital status, working careers and age of retirement) explain the remaining variability. As 

the coefficient in the NDC benefit computation formula depends on the average life 

expectancy for men and women, and on the average probability of having a heir, part of 

the within cohort variance is due to individual dispersion around these averages. 

Differences in working patterns among individuals bring to heterogeneity in the age of 

 

19 Other features of the NDC system drive this result: for example, the annuity coefficients are adjusted to 

life-expectancy only every ten years. 

20 Results not shown but available on request. 

21 While this result holds in general, the exact amount of variability and of its reduction depends on the 

relative dimension of the demographic socio-economic groups, i.e. on the hypotheses made when building 

the artificial population. 
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retirement. In particular, if the worker retires before 57 or after 65 the pension rule is not 

actuarially fair any longer. Finally, incomplete price-indexation of the benefit for amounts 

above a certain level also results in some additional dispersion. 

To further investigate the redistributive features of the system, we plot the lifetime tax rate 

against permanent income, defined as the present value of earnings received by each 

worker during his active life, valued at retirement. This is shown, again for cohorts 1 to 4, 

in figure 3. Results for cohort 1, in the upper left panel, show that the MDB system is, on 

average, progressive: the lifetime tax rate is on average increasing in permanent income. It 

is also apparent that the system is redistributing along dimensions other than permanent 

income: for a particular value of permanent income, a worker can end up with a range of 

tax rates. On the other hand, a given value of the tax rate is associated with different values 

of permanent income. These differences depend both on the heterogeneity of earnings 

careers experienced by workers, i.e. steeper or flatter profiles, and on the rules applying to 

the different schemes the workers belong to.  

It is apparent from this figure that the MDB system is redistributing both from the rich to 

the poor and in the opposite direction. Looking at subsequent cohorts, the variance in the 

tax rate tends to diminish (see also figure 3bis), although without disappearing: the reform 

process dramatically reduces both the perverse redistribution and the “good” one. There is 

still some redistribution in the NDC cohort (fourth panel) which occurs for the same 

reasons indicated for the PVR. 

Finally, as illustrated in figure 2 for the PVR, virtually all workers in cohort 1 receive from 

the system more than they paid, as their tax rate is almost always negative; the fraction of 

workers having a positive tax rate is increasing when moving to subsequent cohorts. These 

are typically single men employed in the private sector, which do not benefit from the 

averaged annuity rate. 

When experimenting with a higher discount rate, two effects tend to emerge. First, the tax 

rate increases for each individual: with an interest rate equal to 4%, the average tax rate 

becomes positive for cohort 2 onwards. Second, the effect of the contribution ceilings and 

of the minimum contribution requirements for lowest wages can cause the NDC system to 
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become regressive (although with an interest rate as high as 4% the system turns only 

slightly regressive)22. 

To further investigate the differences in tax rates for different groups of workers, tables 1 

and 2 report the average, the interquantile range and the variance of the tax rate and of the 

permanent income, distinguishing between men and women and between employees and 

self-employed. The average tax rate is always negative, indicating that individuals are, on 

average, actually receiving a benefit. The tax rate is higher for the eldest cohorts, gradually 

decreasing, and it is on average higher for women than for men and for self-employed 

workers than for employees. The slight decrease in permanent income observed for 

younger cohorts of self-employed is due to our hypothesis on retirement behaviour, which 

results in a lower number of years in which they are active in the labour market23. 

For the same groups of the population, tables 3 and 4 report the average, the interquantile 

range and the variance of the replacement rate and of the years of work. The replacement 

rate is on average decreasing, from one cohort to the next one, for all the groups 

considered. The decrease for the self-employed is dramatic, as their NDC payroll tax is 14 

percentage points lower than that for the employees, and the NDC system strictly links the 

pension benefit to the contributions paid (while the MDB system assigns about the same 

accrual rate to both the self-employed and the employees, irrespectively of their payroll tax 

rate). It should also be noticed that the average years of work also tend to decrease as the 

rules to claim a pension benefit are less stringent for younger cohorts (NDC system) and 

we made the hypothesis that individuals retire as soon as they become eligible to claim the 

benefit. 

 

5. Conclusions 

In this work we analysed the redistributive features of the Italian pension system along its 

transition to the new NDC regime as figured out from the major reform process of the 

Nineties.  

 

22 This effect is also documented by Coronado et al. (2000) for the US. 

23 See next table. 
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To address this issue we built a micro-simulation model, operating in discrete time, in a 

steady state macroeconomic environment, and with a probabilistic treatment of events. We 

simulated the most relevant life episodes of 5 cohorts from birth till death. The transition 

probabilities used in the model vary between different cohorts and socio-economic groups 

and are derived from a sample of administrative data and from the Bank of Italy Survey of 

Household Income and Wealth (SHIW). In particular we aimed to realistically simulate the 

labour income patterns followed by individuals: to this purpose we decomposed the 

earnings process into a deterministic, group-specific age profile, and an unobserved 

component modelled as an ARMA process plus an individual effect. 

The simulated normative framework has been studied to faithfully replicate the set of rules 

of the Italian Social Security system in its transition process towards the new steady state. 

We found that the pension system for the cohort born in 1955 (starting to retire since 

2010) is highly redistributive along many dimensions, not just earnings. This is due to the 

working (fully or with a pro-rata mechanism) of the modified defined benefit formula and to 

the residual heterogeneity of rules governing the different schemes still in place at this time. 

For subsequent cohorts, in parallel with the phasing in of the NDC system, redistribution 

in all dimensions is also gradually reduced, to reach a minimum level in the new steady state 

(due to the less than full application of the actuarial principle).  

By ensuring uniformity of treatment among different categories of workers, the new system 

thus dramatically reduces both the perverse and the “good” redistribution of the past. The 

first effect is certainly positive; the second follows from the aim to separate the insurance 

from the assistance goal of the pension system, in order to improve its transparency. 

On the other hand, the adequacy of benefits is still an open question, as this will crucially 

depend on the characteristics of the labour market. From this perspective, it is possible that 

our results underestimate the dimension of the problem, if future working careers will be 

more flexible and discontinuous with respect to the past. The investigation of these aspects 

is left for future research. 
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Figure 1 – Monthly pension benefit by cohort, individuals retiring at 58. 
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Figure 2 – PVR through time 

P
V

R

year
2010 2015 2025 2035 2045 2055 2061

1

2

3

4

5

6

1

11

1
1

1

1

1

1

1
1

1

1
1

1

1

1

1

1

1

1

1

1

1
1

1

1
1

1

1

1 1

1

1

1

1

1

1

1

1

1

1
1

1
1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

11

1

1
1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11 1

1

1

1

1

1

1 1

1

1

1

1
1

1

1

1

1

1

1
1

1

1 1

1

1

1

1

1
1

1

1

1

1 11

1

1

1

1

1
1

1

1

1

1
1

1

1

1
1
1

1
1

1

1

1

1

1

1
1

1

1
1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1 1

1

1

1

1

1

1

1

1 1

1

1

1 1

1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

11

1

1

11
1

11

1

1

1
1

1

1 1

1

1

1

111

1

1

1

1

1

11
1

1

1

1

1

11

1

1

1

1

1
1

1

1

11

1

1

1

1

1
1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

11

1

11

1

1

1

1

1

1

1
1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

11

1

1
1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1 1

1

1

1

1
1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1
1

1

1 1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1

11
11

1

1 1

1

1 1

1

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1
1

1

1

1

11

1

1

1

1

1

1

11

1

11

1

11
1

11

1

1

1

1

1 1

1

1

1

1

1

1

1
11

1

1

1

1
1

1

1

1

11

1

1

1

11

1

1

1

1

1

1

1

1

1

1 1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1 1

1

1

1
1

1

1
1

1

1

1

1

1

1 11

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1
1

1
1

1

1
1

1

1
1

1

1
1

11 1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1 1

1
1 1

1

1
11

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

11

1

1
1

1

1

1
1

1

1

1

1

1 1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

11
1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

11

1

1

11

1

1

1

1
1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1 1

1

1

1

1
1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
11

1

1

11

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1
1

1

1

1

1

1

1 1 1

1

11

11

1

1 1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1
1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
11
1

11

1

1

1

1

11

1

1

1

1

1

1

1

1
11

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
11

1

1 1
1

1

1

1

1

1

1

1

11

1

11

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1
1

1
1

1

1 1
1

1

1

1

1

1 1

1

1

1

1
1

1

1

1
1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1

1 1

1

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1 1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11 1

1
1

1

1

1

1

1

1

11
1
1

1

1

1
1

1

1

11

1
1

1
1

1

1

1 1

1

1

1

1

1

1 1
1

1 1

1
1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1
1
1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

11

1

1

1
1

1

1

1

1

1

1

1

1

1
1
1

1

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1
1
1

1

1

1

1

1

1

1

1 1

1

1

1
1

111

1

1

1

1

1

1

1
1

1

1 1

1

1

1

1

1

1

1

1

1 1
1

1

1

1 1

1

1

11

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

111

1

1

1

1

1

1

11

1

1

1

1

1 1
1

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 11

1

1

1

1

1

1

11
11

1

1

1
1

1

1

1

1

1

1

1
1
1

1

1

1

1
1

1

1 1

1

1

1

1

1

1

1

1

1

1
11

1

1

1

1

1

1

1

1 1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1 1

1

1

1

1 1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1
1

1

1

1
11

1
1

1
1
1

1

1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1
1

1

1

1

1

1 1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

11

1

1

1

1

1

11

1

1 1

1

1 1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

11

1

1

1

1

1 1
1

1

1

1

1

1

1

1

1

1

1

1

1
11

11

1

1

1
1

1

1

1

11
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1
1

1

1

1
1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11
1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1
11 1

1

1 1

1

1

1
1

1

1
1

1

1

1

1

1
1

1 1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1
1

11

1

1
1

1

1

1

1

1

1

11 1

1

1

1

1
1

1

1

1

1 1

1

1

1

1
1

1 1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1
11

1

1

1

1

1 1

1

1

1
1

1

1 1

1

1

1

1
1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1 1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1

1

1
1

1
1

11
1

1

1 1

1

1

1

1

1 1

1

1

1

1

1

1
1

1

1

11
1

11

1

1

1

1

1
1

1
1

1

1

1

1

1
1

1

1

1

1

1

11 1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

11 1

1

1 1

1

1

1
1

1

11

1

1

1 1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1 1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1 11

1

1
1

1

1

1
1

1

1

11
1

1

1

1

1

1

11

1
1

1

1

1

1

1

1

1

1

11
11

1

1

1

1

1

1

1

1

11

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1
1

1

1

1

1

1

111 1

1 1
1

1

1

1
1

1

1

1

1

1

11

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1 1

1
1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 11

1

1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1
1

11
11 1

1

1

1

1

1

1
1

1

1

11

1

1
1

1

1

1

1

1

1

1

1 1
1

1

1

1

1

11

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

11
1

1

1

1

11

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

11

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

11

1 1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

11

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1
1

1

1

1

1

1

1

1

1

11

1

1

11
1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1
1

1 11

1
1

1

1

1

1

1

1

1

1

1
1 1

1

1

1

1

1

1

1

1
1

1 1

1

1
1

1

1

1

1
1

1

1

1

1
1

1

1

1

1
11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

11

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

11
1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1
1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1
1

1
1 1

1
1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11 1

1

1
1

1

1

1

1

1

1

11

1

1

1
1

1

1 1
1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1 1

1

1
1

1

1

1

11

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
11

1
1

1

11

1

1

1

1

1

1

11

1

1

1

1 1

1

1
1

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1
1

1

1

11

1

1

1

1

11

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1
11

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

11

1

1

1

1

1

1

1

1
11

1

1

1

1

111
11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1
11

1
1

1

1

1

1

1

1

1
1
1

1

1

1
1

1

1
11

1

1

1

1

1

1 1

1

1

1
1

1 1

1

1

1 1

1
11

1
111

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1
1
1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1
1

1

1

1

1

11
1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1
1

11

1

1

1

1

1
1

1

1

1

1

1

1 1

1

1

1

1

1

1
1

1

1

1
11
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1 1

111

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1
1

11

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1
1

1

1

1

1

1

1

1

1

1

1
1

1

11

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

111

1
1 1

1

1 1

1

1

1

1

1

1

11 1

1

1

1

1

1

1

1

1

1

1 1

1
1

1
1

1

1

1
11

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

11 11

1

1
1

1

1

1

1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1 1

1
1

1

1

1

1

1

1

1
1

1

1

1

1 1

1

1

1

1

1 1
1

1

1

1
1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

11

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1
1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11 1

1
1

1

1

1

1

1

111

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

11
1

1

1

1

1

1

1

1

1 1

1

1

1

1
1

1

1

1

1

1
1

1

1
11

1

1

1

1

1

11

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1
1

1 1
1 1

1

1

1

1

1

1
11

1
1

1

1

1

1

111

1

1

1

1

1
11

1

1

1

1

1

1
1

1 1

1

1

1
1

1

1

1

1
11

1

1

1

11
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

11

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1
1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1
1

1

11

1

1

1
1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
111

1 1

1

1

1

1
1
1

1

1

1

1

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1
1

1

1

1

1

1

1

1

1

1

1
1

1
1

11

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

11
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1
11

11

1

1

1
1

1

1

1

1

1

11

1

1

1

1 1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1
1

1

1 1

11

1

1

11

1

1

1

1

1 1

1

1

1

1 1

1

1

1
1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1
1

1

1

1

11

1

1
1 1

1

1 1

11

1

1

1

1

1

1

1
1

1

1
1

1

1
1

1

1

1
1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

11

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1 1

1

1

1

1

1

1

1

1

1 1

1

1
1

1

1

11

1

1

1

1
1

1

1

1
1

1

1
1

1

1

1
1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1
1

1

11
1

1

1

1

1

11

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

111 1

1

1

1

11

1
11

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

11

1

1

1

1

1

1

1

1

1

1

1 1

1
1

1 1

1

1

1
1

11

1

1

1
1

11

1

1
1

1

1

11

1

1

1

1

1

1

1

1
1

1
1

1

1

1

1

11

1

1

1

1

1 11

1

1

1

1

1

1

1

1
1

1
1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1 1

1
1

1
1

1

11

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1 1

1

11

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1
1

1

1
1
1

1

1

1

1
1

1

1

1

1
1

1

1

1 1

1

1

1

1

1 1
1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1
1

1
1

1
11

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1
1

1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

11

1

1

1

1

11

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1 1

1

1

1

1

1

1

1

1

1
1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1
11

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

11 1

1
1

1

1

1 1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1 1
1

1

1
1

1

1

1
1

1

1

1

1

1

1

1
1

1

1

11

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1
1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1
1

1

1

1
1

1

1

1
1

1

1

1

1

1
1

11

1

1
1

1

1

1

1

1

1 1

1

1 1

1

1

1 1

1

1

1
1

1

1

1
1

1

1

11

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1
1
1

1

1

1

1
1

1

1

1
11

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1
1

11

1

1

1

1

1
11

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

111

1

1
1

1

1
11

1

1

1
1

1

1

1

1

1

1

1

11

1

1
1

1

1

1

1

1

11

1

11
1

1

11

1

1

1

1

1

1

1

1

1

1

1
1 1
1

1

1

1

1

1

1

11

1

11
11

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

11

1

1

1

111

1

1

1

1

1

11
1

11

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

11
1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1 1
1

1

1
1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1
1

11

1

1

1

1

1

1

1

1

1

1

1 1
1

1 1

1

1

1
1

1
1

11

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

11

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1
1

1

1
1
1

1

1
1

1

1

1
1

1

1
1

1

1
1 1

1

1

1

1

1
1

1
1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

11
1 1

1

1 1
1 1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

11

11

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

11

1

1
1

1

1

1 1
1

1

1
1

1

1

1

1

1

1

1

111

1

1

1

1

1

1 11 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1 1

1

1

1

1

1
1

1

1

1 1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1
11

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1
1

1

11

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1
1

1

1

1

1
1 1

1

1

1

1

1

11
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
11 111

1

1

1

1

1

1

1 1

1

1 1
1

1

1

1

1

1

1

1

1

1

1

1

11
11

1

1 1

1

1

1

1

1

1

11

1

1

1

1

11 1

1

1

1

1

1

1

1

1

1 1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

11

1

1

1

1

1

11
1

1 11

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1
11

1 1

1 1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

11
1

11 1
1

1

1

1

1

1

11
11

1

1

1

1

1

1

1

1

1
11
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1

1

1

1

1

1

1
1

1

1 1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1
1

1

1

1

1

1

1

1 1

1

1

1

1
1

1

1

1

1

1

1
1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11
1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

1 1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1
1

1

1

1

1

11

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1 1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1 1

1

1

1

1

1
1
1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1
1

1

1

11

1

111

1

1 1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

111

1

1

1

1
11

1
1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11 1

1

1

1

1

1

1

1

1

1

1
11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1 1

1

1

1
1

1

1

1

1

1
1

1

1

1

1
1

1

1

11

1
1

1 1
1

1

1

1

1

1

1

1

1 1
1

1

1

1

1

1
1

1

1

1

1

11

1

1

1

1

1

1

1
1

11

1

1

1

11

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

11

1

1

1

1

1

1
1

1

1

1

1

11

1

1

1

1

1 1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

11

1

1

1
1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1
1

1

1

1

1

1

11

1
1

1

11

1

1

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1 1

1

1

1

1

1

1
1

1

1

1

1 1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

11

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1 1

1

1

11

1

1

1

1
1

1

1

1

11 1
1

1

1

1

1

1
1

1
1
1

1 1

1

1

1
1

1

1

1

1
1

1
1

1

1

1

1

1

1

11

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1
1

1

11

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 11

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

111

1

1

1

1

1

1

1

1

1

1

1

11
1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

111

1

1

1 1

1

1

11
1

1

1

1
1

1

1
1

1

1

1

1

1

1
1

1

1

1
1

1

1 1

1

11

1

1

1
1

1

1
1

1

11
1

1

1

1

1

1

1

1

1

1

1

1

1

1

11
1

1

1

1

1

1

11 1

1

1

1

1
11

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1
1 1

1

1

1

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1

1

1

1
1

11

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1
1 1

1

1

1

1

1

1

1
1 1

1

11

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1
1

1
1

1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

11
1

1

1
1

1

1
1

1

1

1

1

1 11 1
1

1
1

1

1

1

1

1 1

1

1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

1

11

1

1

1

1

1

1

1
1

1 1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

11
1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1
1

1

1
1

1
1

11

1

1

1

1

1

1

1

1

11

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1 11 1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1
1

1

1

1

1

11

1

1

1

11

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1

1

11

1 1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1
1

1

11

1
1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1
1

1

1
1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

11
1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1 1

1
1

1

1

1

1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1
1

1

1

1

1

1

11

11

1

1

1

1

1

1

11

1 1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1
1
1

1

1

1

11

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1
1

1

1
1

1

1

1

1

1
1

1

11

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1
1

1

1

11
1

1

1

1

1

1

1

1
1

1

1 1

1

1

1

1
1

1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

11

1 1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1 1
1

1

1

1
1

1
1

1

1

1
1

1

1

1

1
1

1

1

1

1

11

1

1

1

1 1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1
1

1

1

11

1

1

1

1

1

1

1

1

1

11
1

1

1

1

1
1
1

1

1
1 1

1

1

1

1

1

1

1
1

1

1

1
1

1

1
1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

11

11 1

1

1

1

1
1

1

1

1

1

1 1

1

1

1

1

1

1

1 1
1
1

1

1

1

1

1

1
1

1

1
1

1

1

1

1

1
1

1

1

1
1

1 1

1

1

1

1
1

1
11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1 1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

11
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1
1

1
1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1 1

1
1

1

1

11

1

1

1 1

1

1

1

1
1

1

1

1
1

1

11

1
11

1

1

1

1

1

1
1

1

11
11

111

1

1
1

1

1

1

1

11

1

1

1
1

1

1
11

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

11

1

1
1

1
1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1
1

1
1

1

1

1

1

1

1
1

1
1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

11
1

1
1

1

1

1

1

1

1

1

1
1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

11
1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1
1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1
1

1

1

1

1

1

1
1

11

1

1

1

1

1

1

1

1

1 1

1

1
1

1

1

1

1

11

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

11
1

1

1

1

1

1 1

1

1

1

1

1

1
1

1

1

1

1
1

1

1
1

11

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

111
1

1

1

1

1

1
1

1
111

1

1

1

1

1

1

1

1

1

1 1

1

11

1

1

11

1

1

1

1

1

1

1
11

1
1

1

1
1

1

1

1
1

1

1
1

11

1

1
1

1

11
1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1

1 1
1

1

1

1

1

1
1

11
11

1

1
1

1

1

1

1

1

1

1

1 1
1

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1

1 1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

111

1

1

1

1

1

1

1

1

1

1

1

1
1

11

1

1
1

1
1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

11 1

1

1

1

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
11

1

1

1

1

1 1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1 1

1
1

1

1

11

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1
1

1

1

1
1

1

1

11

1

1

1

1

11

1

1 1

1

1

1

1

1

1

11

1

1

1
1

1

1

1

1

11 1

1

1

1

1

1

1 1

1

11

1

1
1

1

1 1

1

1

1

1

1

1

1

1

1
1
1

1 1

1

1

1

1

11

1

1

1

1
1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1

1

1

1

1
11

1

1

1

1

11

1

11

1

1

1

1

1
1

1

1

1

1

1
1

1

1

1

1 1

1 1

1

1

1

1

1

1

1

1

1

111

11

1
1 1

1

1

1

1

11
1

1

1

1

1

1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 1
1

1

1 1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

11

1
1

1

1

1

1

1

1

11

1

1

1

1

1

1
1

1

1

1

11

1

1 1

1

1

1

1

1

1

11

1

1

11
1

1

1

1

1

1

1

11
1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

11

1

1

1

1

11

1

1

1

1

1

1

1
1

1

1

1

11

1

11

1

1

1

1
1

1

1

1

11

1

1

1
1

1

1

1
1

1

1

1

1 1
1

1

1
1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1
1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

11
1

1

1
1

1

1

1

1

1

1

1

1
1

1

1

1
1

1

1

1

1

1

1

1 1

1

1
1

11

1

1

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

1

1
1

1

1

1 1

1

1
1

1

1 1

1
1

1

1

1

1

1

1

1
11

1
1

1

1

1

1
1

1

1
1

1

1

11
1

1

1

1

1

1

1

1

1

1

1

1

11
1

1

1
1

1

1 1

1

1

1

1

1

1
1

1

1 1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1
1
1

1

11

1

1

1

1

1

1

1

11

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

11

1

1

1

1

1

1
1

1

1

1

1

1

1 1
1

1

1

1
1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1

1

2

2

2

2

2
2

2 2
2

2

2 2

2

222
2

2

2
2

2
22

2
2 2

2
2

2
22 2

2

2

2

2
2

2

2

2

2 2

2

2

2

2

2

2

2

2
2

2
2

2
2

2

2

2
2

2

2
2

2
2

2

22

2

2

22

2

22
22

2
2

2

22

2

2
22

2

2

2

2 2
2 2

2

22

22

2

2

2

2
222

2

2
2

2

22

2

2 2

22
2

2

2

22
2

2
2

2

2
2 2
2 2

22 2

2

2

2
2

2
2

2

2
2

2

2

2

2

2

2

2

2
2

2

2 2

2

2

2
2

2

2 2

2

2

2

2

2
2

2

2
2

2
22 2

22
2

2

2

2
22

2
2 2

2

2
2

2

2

2 2
2

2 2

2

2
2

2
2

22

2

2

2

2
2

2

2

2
2

2

2

2

2
2

2

2
2

2

2

2

2

2
2

2

2

2
2

2

2

2
2

2
22

2

2

2
2

2

2

2
2

22
2

2

2

2
2

2
2

2

2 2

222 2

2

2

2

2

2 2

2

2

2

22

2

2

2

2
2

22

2

2

2

2

22 2

2

2

2

222

2

2

2

2

2

2
2

2

2

2
2

2

2
2

2

2

2

2

2

2

22
22

2

2

2 2

2

2

2
2

2

2

2
2 222

2

2

2

2

2

2

2

2
2

2
2 2

2

2
2

2

2

2

2

2
2

2

2
22

2

2

22

2

2
22

2

2

2
2

2

2
2

2

2

2
22

2
2

2

2

2 22
2

2
2 2

2

2

2 2

2

2

2

2

2

22

2

2

2

2
2

2

2 2
2

2

2

22
2

2
2

2

222
2

2

2
2

2

2

22
2

2
2 22
2

2
2

2
22 2

2

22

2

2

2
2

2
2

2

2

2
22

2

22

2

2

2
2
2

2

2
2
22

2

2

2
2

2
2
2

2
2

2

2 2

2

2

222

2

2 2

2

2

2
2
2
2

2

2

2

2
22

2

2

2

2

2
2 2

2

2

2

22

2
2

2
2

2

2

2
2

2

22 2

2

2 2

2 2

2
22 2
2

2

2

2

2

2

22 2

2

2
2

2

2

2

2

2

22

2

2

2

2

2

2

2

22

2
2

2

2

2
2

2
22

2 2

2

2 222

2
2
2

2
2

2

2

2

2

2

2
2 2
2

22

2

2
2

2
2

2

2

2
2

2

2

22
2

2
2

2
2

22

2

2

2

2

2

22

2

2

22

2

2 2
22

2

2
2 22

2

2

22

2

2

2

2

2

2

2

2

2

2

2

22
2

2

2

2

22 2
2

2
2

22

2 2

2

2

2

2
22

2

2

2
2

2

2

2

22

2

2
22

2

2
222

22 2

2

2

22 22

2

2

2

2

2

2
2

2
2

2

2
222 22 2

22

2

2
2

2
22

2
2

2
2

22

2

2
2
2

2

2

2

2

22

2

2

2 2

22

2 2

2

22 2

2

2

2
2 2

2

2
2

22 2
2

2

2
2

2
2

2

2
2

2 2
2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2 2

2

2
2

2

2

2 2

2 2
2

22

2 2
2

2
2

2

2

2 2
2

2

2

2

2
2

2
2

2
222

2
2

2

2

2

2
2

2

2

2
222

2

2

2

2 2

2
2

22
2

2

2

2

2

2

2

2

2

22 22

2

2

2

2

2

2

2
2

22

22
2
22

22

2

2

2

2

2
2

2

2

2

2

2

2

2

2

2
2

2

2

2

2
2

2

2
2 2 2

2

2
2

2

2

2 2

2 2

2
2

2
2

2

2

2

2
2

2

2
2

2

2
2

2

2

2

2

222

2

2 2

22

2
2

222
2

2

2

2

2

2

2
2

2
2

2

2

2

2

2

2

2
2

2

2
2

2
2 2

2

2

22
2

2

2

2
2

2

2

2

2

2

2 2

2

2

2

2

2
2

2
2

2
2

2

2

2 2

2 2
2

2

2

2

22

2

22
2

2

2

2
2

2
2

2

2 2

2

2
22

2
2 22

2

2

2

2

2

2

2

2

2 22 2
2

2

2

2

2

222

2

2

2 2

2

2
2

2

2
2

2

2

2

2

2
2

2

2

22

2

2

2
22

2

2

2
22

2 2

2

2

2
2

2

22 2
2

2
2

2

2
22

2
2

2
2

2

2

2

2

2

2

2

2

2 2

2

22 2

2
2 2

2
2

2

2

2

2

2
2

2

2

2

2

2

2

2

2

2
2

2

2

22

2

2
2

2

22

2

2
2

2
2

2
22

2

2

2

2

2

2

2

2

2

22
2

2

2

2

2

2

2

2

2

2

2
2

2

222

2

2

2

2

2
2

2

2

2
2

2
2

2

2 22

2

2

2

2

2
2
2

22
22

2

2 2

2

2

2
2

2

2

22
2

2 2
2

2

2

2

2

2

22
2

22
2

2 222

2

2

2
2

2
2

2

2

2

2
2

2

2

2
2

2

2
2

2

2

2

2

2 2

2

2
2

222 2 2

2

2 2

2

2
2

2
2

2
2

22
2

2 22

2

2

2

2

2

2

2

2

2

22
2

2

2

2
2

2

2

2

2

2

2
2

2

2
2 2

2

2

2 2

2

2
2

22

2

2
2

2

2

2

22
2

2

2

2

2 2

2

22
2

2

2 2
2

2
2

22
2

2

2

2

2

2

2

2

2

2

2

2

2

2
2

22
22

2

2
2

2

2 2

2

2
2

2

2
2

2

2

2

2

2

2

2

2

2

2

2
2

2

2

2

2
2

2

2

2

2

2
2

2

2

2

2

2

2

2

2
222

2
2

2

2

2

22
2

2
2

2

22

22
2
2 22

22

2
22
2

2

2

2

2 2
22 2

2

2 2

2

2

2

2

2

2
2

2

2

2

2
2

2

2

2

2
22

22

2

2
2

2

2 2

2

2

2

2

2

2

2
2 2

2

2

2

2
2

2
2

2 2

2

22

2

2

2
2

2

2

2
2

2

2
2

2

22

2

2
2

2

2

2

2

2
2

2

2
2

2

2

2
2

2

2
22 2

2

2

2
2

2

2

2

2

2

2

2

2

2
2

2

2

2

2

2
2

2

2
2

2

2

2 2

2
2

2

2

2
2

2

2

2

2 2
2

2

2

2

2

2
2

2

2
2

2

2

2

2
2

2

2

2

2

2

2

2

22

2

2

22
2

2 2 2

22 2

22

2

2

2 222 22

2

2

2

2

2

2
2

2

2
2

2

2

2
2

2

2

2
2

2
2

2
2

2
2

2

22

2

2

2
22

22

2
2

22
2

2

2

2
2

2 2 2

2

2
2

2

2

2 2
2

2

2

2

22

2

22

2

2

2
2

22
2

2

2

2

2

2

22

2

2
22

2

2

2

22
2 2

2

2

2

2

2

2

2

2 2

2
2

2
2

2

2

2

2
2

2
2

2 2
2

2

2

22

2

2

2

2

2

2
2

2

2

2

2

2

2
2

22 2
22

2

2
2

2 2

2

2
22

2

2
2

2

22
2

2

2

2

2

2

2
2

2
2

2

2
2

2

22 22

2

2

2

2 2
2

2

2

2

2

2

2
2

2
2

2

2

22
2

2

2
2

2

2
2

22 2

2

22

2
2
2

2

2

2

2

2

2
2

2

2 2
2

2

2
2

22

2

2 2
22

222

2

2
2

2

2

2

2

2

2

2

22

22

2

2

2

2
2

2

2

2
2

2

22

2

2

2

2

2

2

2

2

2

2

2
2

2

2

2
2

2

2

2

2

2
2

2

2

22

2

2

2

2

2

222

2

2

2

2

2

22 2

2

2

2

2

2

2

22

22

2

2

22

22
2

22

2

2

2

2

2

2

2

2

22
2

2
2 2

2

22 2

2

2

2

2

2
2

2
2 222

2

2 2

22

2

2
2

2 2
2 2

22

2

2
2

2

22
2

2

2

2
2 2

22

2

2

2

2

2 2

2

2

2

2

2

2
2

2

2

2

22

2

2
2

2

2

2
2

2 2

2

2

2

2
2

2

2

2
2

2

2
2

2

2

2
2

2

2

2

2
22

2

2

2

2
2

2 2
2

2

2
2

22

2

2
2 2

2

2

2

2 22
2

2

2
2

2

2

2 2

2

2

2
2

2

2

22

2

2

2

2
2

2

2

2

2

2

2

22
22

2

2

2

2

2

2

2

22

2
22

2

2

2

2

2
2

2
2

2

2

2

2

2

2
2

2
2

2

2

2

2

22

2

2

2

2
2

2

2

2

2

2
2

2

2

222 2
2

2

2

2

2

22 2

2
2

2
2

2 222 2
2

2

2

2

2

2
2

2

2
2

2
2

2

2

2
2

2

2
22

2
2

2
2

2

222

2

22
2

2
2

2

2

2

2

2

2

2
2

2
2

2

22 22

2

2
2

22

2
2

2 2

2

22

2
2 22

2

2

2

2

2

2
2

2

2

2

2

2

22

2

2

2
2

2

2

2

2

2
22

2

2

2

2

222

2

2

2
2

2

2

2
2

2
2

2 2

2
2

22

2

22 22
2

2

2
22

22

2
2

2

22

2

2
2

2

2

2 2

2

2

2
2

22

2
2

2 2

2

22

22 2

22

2

2

22

2

2

2 22

2

2

2

2
2

2

2

22

2

2

2
2

2

2

2

2

2

2

2

2 2

2

2

2

2

2

2

2

2
2

2
2

2

2

22 2
2

2

2

2

2
2

2
2

2

22
2

22 22
2

2

2

2
2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2 2

2

2

2
2

2

2
22

2

222

22

2

2

2

2
2

2

2

2

2

2
2

2

2

2
2

2

2

2

2
2

2

2

2
2

22

2

2
2

2

2

2

2

2
2

2
2

2

2

2

2

22

2

2

2

2
2

2

2

2

2

2

2

2

2

2

2

2

2

2

2
2

2

2

2

2

2

2

2

2
2

2

2

2

22
222

2

2
22

2

2

2

2

2

2

2

2

22

2

22

2

222

2

2

2

2

2

2

2

2

2

2 2

2

2

2
2 2

22
2

2

2

2

2

2

2
2

2
2

2

2
2

2
2

2

2

2

2

2

2

2

2

22

2 2
22

22

2

2

2

2
2

2

2

2

2

2
2

2

2
2

2
2

2
2

2

2

2

2

2

2

2

2 2

2

2

2

2

2
2

2
2

2

2

2

2

2

2

2

2

2

2

2

2 2
2

2 2
2

2

2
222

2

2

2
2

2

2
2

2

2

2

2

2

2

2

2

2 2

2

2

2
2

2

2

22

2

2
2

2

2
2

22
2

2

2

2
2

2

2

2

22 2

2

2
2

2
2

2
2
2
2

2

2

2

2

2
2

2

2

22
2

2

2

2

2

22

2
2

2

2

2

2

2

2

2

22
2

2
2

2

2

2

2

2
2 2

2
2

2
2

2
2
2 2

2
2

2

2

2

2

2

2

2
2

2
22

2 2
22

2
2

2 2
2

2

22

2 22

2

2

2

2
2

2

2

22

2

2

2
2

2 22
22

2
2 22

2

2

2

2

2

2

2

2

2

2

2

2

2

2
2

2

2

2

2

2
2

2

2

2

2

2

2

2

2 2
2

2
2
2

2
2

2

2
2

2
2

2
2

2

2

2

2
2

2
2

2

2

2
2

2

2

2
2

2
2

2

2

2

2
2

2

2
2

2

2 2

2
22
2

2

2

2

2

2

2

2

22

2

2

2

2
22

2
2

2

2

2

2

2

2

2
2

2
2

2

2

2 22
2

2 22
2

22

22

2

2 2

2

2

2

2
22

2

2
2

2
2

2

2

2

2

22

22 2
2

2

2

2
2

2

222 2

2

2

2

2
2

2

2

2

2

2
2

2

2

2

2
2 2
2

2

2

2

2

2

2

2
2

2
2

22
22

2

2

2

2

2

2

2

2

2
2

2

2

2 2

2

2

2

2
2

2

2

2
2

2

2

2

2

22

2
2

2

2

22
22

2

2
2

2

2

2
2

2
2

2

2

2
2

222
2

2

2

2

2
2
2

2 22
2

2 2

2

22
2

2

2

2
2

2
2 2

2
2

2

22

2

2

2 222

2

2
2 2

2

2

2
2

22
22

2
2

22

2

2

2
2

2

2

2

2
2

2

2

2

2
2

2

2

2 2

2 22

2

2
22 2 2

2

2

2
2

2
2

2

2
22

2
2

2

2 2
2

2

2

2 2
2

22

22

2

2

2

2
2

2

2

2

2

2
2

2

2

2
2

22

222

2

2

2

2
2

2
2

2
2

2
2 2

2

2
2

2

2

2

2

2

2 2

2

2

2

2

2

22

2
2

2

2

22

2

2 2 2

2

2

2

2

2

2

2 2

2

22
2

2

2
2

2
2

2

2

2
2

2

2

2

2

2
2

2

22
2

222

2

2

2

2

2

22

2

22

2
2

2

2
2
2

22 2

2

2 2

2

2
2

2
2

2

2

2

2

22
22

2
22

2

2

2

2
2

2

2

22

2

22
2

2
2

2

2

22

2

2
2

2
2

2

2

2

2

2

2

2

2 2

2

2

2

2

2

2

2

2

22

2

22
2

2

2

2

2

2

2

2

2

2

2

2
2

2

2 2 2
2

22
2

2

2

2

2

2

2

2

2

2

2

2

2 2

2

2
2

2

2

2

2

2 2

2

2

2

2
22

2

2

2

2
2

2

2

2

2

2

2

2

2
2

2

2
2

2

2

2

2

2

2

2

2

2

2

2
2

2

2
2

2

2

2
22

2

2

2 2

2
2

2
2

2

2

2

2

2

2
2

2
2

2

2

2

2

2

2

2

2

2
2

2

2

2

22

2

2

2

2

2
2

2

2
2

2

2
2

2

2
2

2

2
2

2

2

222

2

2
2

2 2

2

2

2

22
2

2

2

2

2 2

2

2

2
2

2

2

2

2

2

2

2

2 2
2

2

2

22

2

2

2

2

22
2

2

22

2
2 2

2

2

2

2
2

2

2

2
2

2

2 2
2

2

2

222

2

2

2
2

22
2

22
22

2 2
2

2
2

2
2 2

2

2
2

2
2

2
2

2

2

2
2

2

2

2

2

2

2
2

2

2
2

2

2
2

2
2

2

2

2

2

2
2

2

2

2

2

2

2

2

2

2

2

222

2
2

2

2
2

2

2 2

2 2
2

2

2

22

2

2
2

2

22

2

2

22

2

2
2

2

2
2

2

22
2

22

2

2

2

2
2

2

22
2 2

2
2

2

2

22

2
2

22
2

2

2

2

2
22

22

2

2
2

2

2

2

2
2

2

2

2
2

2
2

2

2

2

2

2

2

2
22

22
2

2

2

2

2

2

2

2

2

2 2

2

2 2
2

2

2

2

22

2

2
2
2

2

2

2

2
22

2
22

2

22
2

2

22

2

2

2

2
2

2

2

2
2

2

2

2

2

2

22

2

2

22
2

2

2

2

2
2

2

2

2

2

2
22

2 2

2

2

2

2

2
2

2

2

2

2

2
2

2

2 2

2

2
2

2

2

2

2

2

2
2

2

2

2

22
22 22

2

2

22
2

2

2
22

2

2 2

2

2
2

2

2

2

22
2

2

22
2

2

2
2

2

2
2

2

2

2 2

2 2

2 22
2

2

2

2

22
2

2
2

2

2
2

2

2

2

2

2

2

22
2

2

2

22 22
2

2

2 2
2

2
2

22

2

2
2

2
22

2

2
22

2

2
2

22

2
2

2
2

2

2 2

2
2

2

2 2

2

2

2
222 22

2
2

2

2

2

2

2 2 2
2

2

2
2

2

2

22

2

2

2

2

2

2

2

22
2

22

2

2

2
22 2

2
2 2

22 2

2

2

2
2
2

2
2

2

2

2

2

2

2

2

2
2

2

2

2
2

2

2

2

2

2

2

2

2

2

2

2
2

2

2
2

2

2

2
2

2

22

2

2
2

2

2

2
2 2

2

2

2

2

2
2

2

2

22

2

2

2
2
2

2

2
2 2

2

2

2

2
222 222 2

2

2
2

2

2
2

2

2
2

2

2
22 2

2
22

2

2

2

2

2

2

2

2

2
2

2
2

2

2

2

2

2

2

2

2
2

2
2

2

2

2

2 2

2

2

2

2

2

2

2
2

2
2 222

2

2

2

2

22 22

2

2

2

2

2

2

2

2

2

2

2

2
2

2
2

2

22

2
2

2
2

2
2

2

2

2

2

2

2

2

2

2
2

2 2
2

2

2

2

2 2
2

2 2

2
2

2

2
2

2
2

2

2

2

2

2

22

2
2

2

2
2

2 22

2

2

22
2

22
2

2

2

2

2

2

2

2
2

2

2

2

2

2

2

22
2

2

2

2

2

2

2

2
22

2

2

2 2
2

2

2

2
2

22

2

2

2

2

2

2

2
2

2

22
2

22
2

22

2

2

2

2

22

2

22

2

2 2
2

2

2
2

2

2

2
2

2

2

2

2 22
2

2

2
2

2

2

22

2
2

2

2 2
22

2

2

2 2

2

2

22
2

2

2

2

2

222

2

2

2
2

2

2

22

2

2 22
2

2

2

2
2

2

2

2

2
2

222

2

2

2
2

2

2

2

2
22

2
22

2
2

2 2 2

2
2

2

2

2
2

22
2

2

2

2

2
2

2

2

2

2
2 2

2

2
2 2

2
2
2

2

2

2

2
2

22
2

2
2

22
22

2
2

2

2

2

2

2
2

2

2

2

2

2
2

2

2

2

2

2

2

2
2

2
2

2

2

2 2

2

2

2
2

2

2

2
2

2

2
2 22

2
2
2

2

2
2

2

2

2

2

2

2
2

2

2

2 2

2

2
2

2

22

2

2

2

2

2
2

22
2 2

2
2
2

2
2

2

2

2
2

2

22
2

2

22

2 22
2

2

2

2
2

2

2

2

2

2

2

2
2

2

2

2

2

2

2
2

2

2

2
2

2

2
2

2

2

2

2

2

2

2

2

2
2

2
22

2

2

2

2

2

22

2

2

2

2
2

2

2 22

2

2

2 2 222

2

2 2
2

2

2

22

2

2

2

2

2

2
2

2
2

2

2 2
2

2
2

2

2
2

2

2
2

2

2 2

2

2

2

2

2

2
2

2

2

2
2
2

2
2

2

22

2

222
2

22
2
2

2

2

2
222

2 2

2

2

2
2

2

2

2

2 222 2
2

2

2
2

2

2
2

2

2

2
2

2 22 22

2
2

2

2

2

2

2
2 2

2

2

22

2
2

2

2

2

2
2

2

2

2

2
2

2
2

2

2
2

2

2

22
2

2

2

2

2
2

2

22
2

22

2

2
2

2
2

2

2
2

2 2

2

2

2
2 2

2

2

2

2

22

2
2

2

2

2

2
2

22
2 22

2
2

2

2

2
2 2

2

2
2

2

22

2

2

2

2

2

2

2
2 2

222 22

22

2

2

2

2

2

2
2
22

2

2

22

22
2

2

2
2 2

2

2

2

2
2

2

2

2
2

2
2

2

2
22

2

2
2

2

2

2

2

22

2

22

2

2
2

2

2

2

2

2

2

2

22

2
2

2

2

2
2
2

2
2

2
2

2

2

2

2
22

2

22
2

2
2 22

2
222

2
2

2

2
22 2

2

2

2 22
2

2

2

2

22
2
2

2

2

2
2 2 22

2
2

2

22

2
2

2

2

2

2

2

2

2

2

2

2

2

2
2 22

2
2

22

2

2

2

2
2

2

222

2

2 2
2

2

2

2

2
2

2

2

2

2

2

2

2

2

2

2

222

2

2

2
2

2

2

2

2

2

2

22

2

2

22

2
2

2

2
2

2

22

2

2

2

2

2

2
22

2

2

2

2

2

2

2
2

2

2

2

22

2

2

2

2

2

2

22

2

2
2

2

2

2
2

2

2

2

22

2
2

2 2

2
2
22

2

2
2

2

2
2

2

2
2

2
2

2

2

2
2

22

2

2 22

2

2

2

2

2

2
222

22 2

2 2

2
22 22

22

2

2

2

22

2

2

2

2
2

22
2
22

2
2

2 2

2

2

22
2

2 2

2

2

2
2

2

2

2

2
2

2

2

2
2

2 2

2
2

2

2
2

2
2

2

2

2

2

2

2

2
2
2

2

2

22

2

22

2

2

2

22 2

2

2

2

2

2

22 2 2

2

2

2

2
2

2

2

2
2

22
2 2 2

2
2

2
2

2
2

22

2
2

2
2

2

2

2
2

2

2

2

22

2
2

2

22
2

2
2 22

2

2

2
2

2
2
2

2

22
2

2

2
2
2

2
22

2
2

2

2
22

2 2
22
2

2

2

2

2

22

2

2
2

2

2

2

2

2
2

2
2

2

2

2

2
22

2

2

2 2

2
2

2

2
2

2

2

2

2

2
2

2

22

2

2

2

2222

2
2

2

2

2
22

2

2

2

2

2

2

2

2 222
2

2

2
2 2
2

2

2

2

2

2

2
2

2

2

2

22
2

2

2

2

22

2

2 2
2 2
2

2

2 2

2
2

2

2

2

2 2

2

2

2

2

2
2 2

2

2
2

2 2

2

2

2

2

2
2

22

2

2

2
2

2

2

2

2

2

2

2

2
2

222 2

2 2

2

2

2

2

2

2 2

2 2

2
2

2
2

2

2 2

2

2

2

2

2
2

2

2

2
22
2
2

2 2

2

2

2

2

2

2

2

2

2
22

2

2

2

2

2
2

2
22

2 2
2

2

2

2
22

2
2 2

22

2

2

2

2

2

2

2

2
2

22
2

2

2 2
2

22
2

2

2

22 2

2

2

2

2
2

22

2

2

22 222
222

2

22

2
2

2 2

2

2

2 2

22

2

2 2

2 2

2

22 2

2

2
22

2

2

2
2

2
2

2

2

2

2

2

2

2 2

2

22

2

2

2

2

2 2

2
2 2

2

2

2

2
2

2

2

2

2

2

2

22

2

2 2

2
2

2 2
2

22

222

2

2

2

2
22 22

2

2
222

2

2
2

2

2

2

2

2

2

2

2

2

2

2

2
2

2

2

2

2

222

2

2

2

2

2

2

2

2

2
2

2

2

2 2
2

2

2
2

2
2

2

2
22

2

2

2

2

2
2

2

2
2

2
2

2
2

2

2

2
2

2

2

2

2

2

22
2

2
2

2
2

2
2

2

2
2

2

22
2

2 2

2

2

222 2
2

2
2 2

2

2

2

2

2

2

2

22

2

2

2

2

2

2

2

2
2

2

2

2
2

2

2

2

22

2

2

2 2

2

2

2

2

2
2

2

2
2

2 2

2

2
2

2

2

2

2

2

2

2
2

2

2

2

2 2

2
2

2
2

2 2

2

2

2

2
2

2

2

2
2

2

2

2

2

2
2

2

2

2

22

2 2
2

2
2

2
2 2

2

2

2

2

2

2

2
2

2 2

2

2
2

2

2

2

2

2

22

2

2

2
2

22

2
2

2

2

22

2

2

2

2
2

2
2

2

2

2

222 2

2
2

2 2

2

2

2 2
2

2

2

2

2
2

2

2
22

22 2

2

2

2
2 2

2
2 2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

22

2

2

2

2
2
2

2

22
2

2

2
2

2

2
2

222
2

2

22
22

22
2 2

2
2

2

2

2

2 2 22
2 22

2

22

2

22

2

2

2
2

2
2

2

2

2

2

2

2
2

2
2

2

2

2
2

2

2

2

2
22

2

2

2
2

22

2
2

2

2

2

2

2

2

2
22 2

2

2

2

2
2

2
2

2

2

22 2
2
22

2

2

2

2
2

2
2

2
2 2

2
2

2

2 2

2

2

2

2

2

2

2 22

2

2

2

2

2
2

2

2

2

22
2

2
2

22 2 2

2
2

22 22
2

2

2

2

2
2

2

22

2

22
2

2

2

2

2
2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2 2
2

2
2

2

2

2 22

2

2

2

2

2

2

22

2

2
2

2

2

2
2

2

2

2

2

2

2

2

2

2
2
2

2 2

2

2

2

2

22

2

2

2 2

2

2

2
2 2

2
2

2

2

2

2

2

2
2

2

2

2 2
2

2

22
22

22

2

2

2

2
2 2

2

222

2
2

2 2
2

2

2

2

2
2

22
2

2

2
2

22
2

2

2

2
2

2

2

2

2 2

2
2

2

2

2

2

2

2

2

2

2

2

2
22

2

2
2

2

2

2
2

2

2

2
2

2 2

2

2

2

2
2

2

2

2
2

2

2
2

2 2

2 22
2

2

2

2

2

2
2

2
2 2

2 2 2
2

2
2

2

2

2

2

2
2

2
2

2

2
2

2
22

2

2

2

2

2

2 2
2

2

2

2
2

2

2

2

2

2
2

2
2

2

22

2
2

2
2

2

22

2

2

2

2

22

2

2

2

2

2
2

2

2
2

2

2

2

2

2

2

22
2

2 22

2

2

22 2
2

2
2

2
2

2

2
22

2

2

2

2

2

2

2

2

2

22

2

2
2

22

22 2 2

2

2

22

2

2
2

2
2

2
2

2
2

2

2
2

2

2

2 22

2

2

2 2
2

2
2

2

2

2
2

2

2

2 2
2

2

2

2

2

2

2

2

2

2

2

2

2

2

2
2

2

2
2

2
2

22

22

2

2
2

2

2

2

2
2

2

2

2

2

2

2
2

2
2

2

2

2

22

22

2

2

2
2

2

2

2
22

2
22

2

2
2
22

2

22

2

2

2

2

2

2

2
2
2

2

2
222

2

2

2

2

2

2

2

2

2

222

2
2

2
2222

2

2

2

2

2

2

2
2 2

2
22

2
2

2

2
2

2

2

2
2

2

2

2
2

2

2
2

22

2

2
22

2

2
22

2 2

2
2

2

2

2

2

2

2

2

2

2
2

2 2

2

2

2

2

2
2

2

2
22

2

2

2

2

2

2

2

2

22 2

2

22 2

2

2

2

2

2 22
2 2

2

2
2

2

2
2

2
2

2

2

2 2
2

22

2

2 2 22
2

2

2

2

2

2
22

22

2

22
222

22

2
2

2

2

2

2

2

2

2

2 2
22

2
2

2

2

2

2

2

2

2

2

2
22

2

2

2

22

2
2

22
2

2

2

2
2

2

2

2

2

2

2
2

2

2

2
222

2

2

2

2

2

2

22

2

2

2 2
22

2

2

2 2

2 2
2

2

2 2

2

2
2

22
2

2 2

2

2
2

2

22

2
2

2

2
2

2

2

2

2

2

2

2
222

2
2

2

2
2

2 22 2

2

22

2

2

2
2

2

2
2

2
2

2

2

2

2

2
22

2
2

2
2

2

2

2

2

2

2 2
2

2

2

2

2

2

2

2 2

22

2

2

2

2
2

2
2

2 222

2

2

2 22
22

2 22 2

22
2

2 2

2

2

2

2
2

22

2
2

2

2

2

2

2
2

2
2

22
2 2

2
2

2

2

2
2

2
2

2

2
2

22

2 22

2

2

2

2

2

2
2

2
2

2
22

2

2
2 22 2

2

2

2

2

22

2

2 2
2

22

2

2

2
2

2
2 2

2

2

2
22

2

2

2

2

2

2 2

2

2

22 2

2

2
2 2

2

2
2
2

2 2

2

2

2

2

2 2

2

2

2

2

2

2

2

2

2
2

2
2

2
222

2
2

2 22
2

2

22 2

2
2

2

2

2
2

22

2
2

2 2
2
2

2

2 2
2

2

2

2
2

2

2

2

2
2

2

2
2

2

2

2

2
22
2

2 2

2
2

2

22
22

2

2

2

22

2

2

2

2

2

2

22
2

2
2

2

2

2 2

2

2

2
2

2
2

2 2
2
2

2

2

2

2
2

2

2

2

2

2

2

2

2 2

2

2

2

22222
2

2

22

2

2
2

22
2

2

2
2

2

2

2

2

2

2

2

2

2

2
2
2

2

2

2

2

2

2

2

2
2 2

2
2

2

2

2

2
22

2

2

22

2 22

2

2
22 2

2

2
2

2

2

2

2
2

2

2

2

2

2

2

2

2

2

2

22

2

2

2

2
2

2

2

2

22

2

2

2

2

2

2

22

2

2

2

2
2

2
2

2

2 2
2

2

2 2
2

2

22

2

2
2

2

2

2 2

2

2

2
2

2

2

2
2

22

2

2 2
2 2

2

2

2

2

2

22

2

2

2
2

2

2

2
2

2
2

2

2 2

2
2

2 2

22

2
22

2

22

2

2
2

2

2

2

2

2

2

2

2

2

2

2
22

2

2

2

2

2

2 2

2

2

2

2

2

2

2
2

2

2
2

2

2

2

22 2

2
2

2

2

2
2 2

2 22
2

2

2
2

2

2
2

22

2

2

2

2
2

2

2

2

2

2

22

2

2
2

2

2
222

22

2

2

22 2

2

2
2

2 22

22

2

2

2

2

2

22

2

2
22

2 22
2

2

2
2

2

2

2

2

2

2
22

2

22
2
2

22

2

22
2

2

2
2

2

2

2
2

2

2

2

2 2
2

2
2 2

2

2

2

2

2

2

2
2

2

2

2

2
2

2

2

2

2

2
2

2

2

2

2

2

2

2

2
2

2

2

2
2

2

2 2
2

2

2

2

2

2

2

2
22

2

2

2

2

2

22

2

2

2
2

2

2

2
2 2

22

2
2

2

2

2

2
2

2

2

2

2

2
2

2 2
2

2

2

2

2

2

2

2

2

2

22

2 2
2

2

2
2

2
2

2

2

2

22

22

2

2 2
2

2

22

2

2
2

2

2
2

2

2

2

2 2

2 2
2

2

2
2

2

2
22

2
2 2

2 22
2

2

2

2

2
2

2
2

2

2

2

2

22

2
2

2

2
2

2
2

2
2

2

2
2

2

2

2

2
2

2

2
2

22
2 2

2

22
2 2

2 2

2
2
2
2

2
2

2

2
2

2 2

2
2

2

2

2

2

2
2

2

2
22

2

2

22
2

22

2
2

2
2

2
22

2

2

2

2

2

2
2

2

2

2

2

2
2

2

2

22
22

2
2

2

2

2

2
2

22
2

2

2
2

2

2

2

2

2

22

2

22

2

2

2

2
2

2

2

2

2

2
22

2
2

2

2
2

2

22
2

2

2

2

2

2

2

2

2
2

22

2

2 2
2

2

2

2
2

2
2

2
2

2

2

2

22
2

2
22

2
2

2

2
2

2
2

2

2 2

2

2

2

22

2

2

2

22

2

2 22
2

2

2

2

2

2

2

2

2

2

2
2

2
2

2
2

2

2

2

2

2 22

2

2

2

2

2

2

2

2

2

2

2
22

2

2
2

2

2

2

2

2

2
22

2

2
22

2

2 2
2

2

2

22

2

2
22

222

2

2

2

2 2 2

2

2
2

22
2 2 2

2

2
2 2

2

2

22

2

2

2

2

2

2

2
2 2

2

2
2

2

2

2

2

2

2

2
222

2

2

2

2

2

2

2 2 2
2

2
2 2 2

2

2

2 22 2
2

2
2

2

2
2

2
2

2
2

2

2

2
2

2

2

2

2
2

2

22

2
2

2
2

2
2

22

2
2

2

2

2

2

2 2

2
2

2

2

2

2

2

2

2

2 2
2

2

2

2
2

2
2

2

2
2

2

2
2

2

2

2
2

2
2

2

22

2

2

2

2

2

2

2

2

2

2

2

22

2

2
2

2

2

2

2
2

2

2

22
2

2
2

2

2

2

2

2

2

2

2
2

2 2

2
2

2 2

2
2

2

2

2

2

2
22

22
2

2

2

2
22

22

2
2

2

2

22

2 2

2
2

2

2
2

2

2

2

2

2222 2

2
2

2

22 2

2

2

2

2

2

2

2

2

2

2

2

2
2

2

2

2

2
2 2

2

2

2

2

2

2

2

2
2

2

2

2

2

2

2
2

22
22
22

2

2

2

2

2
2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2

2
2 2

2
2

2

2

2
2
2

2
2

2

2

22 2

2

2
2

2

2
2 2

2

2

2

2

2
2

2

2

2

2 2

2

2

2

2

2
2

2
2

2

22

22
2

2

2

2

2

2

2

2

2

22
2

22 2

22
22

2

2

2

2

2
222

2

2

2
222 2 2

2

2
2

2

22

2

2

222
2 2

2

22

2
2 2

2

22

2

2

2

2

2

2

2

2

2

2
2

2
2

2
2

2
2

22

2

2

2

2

2 2

2
2

2

22

2

2

2

2

2

2

2

2
22 2 2

2

2

2
2

2

2
2

2

2

2

2

2 2

2

2

2

22
2

2

2

2 2

2

2

2

2
2

2

22
2

2

2

2
2

2
2

2 2

2

2

2

2

2

2
2

2

2

2 2
2

2
22

222

2
2

2
2

2

2
2

2
2

2
2

2

2

2
2 2

2

2
2

2
2

2

2
22

2

2

2

2

2
2
2
2

22

2
2

2
2

2

22

2

2

2

2

2

22
2

2
2

2

2
2 2

2

2

2

2

2
2 22

2

2

2
2

2

2

2

2

2

2

2

2 2

2

2

2 2
2

2
2

2

2

22

2

2

2

2

22

2

2

2

2

2

2 22
2

2

2
2 2

2

2

2

2

2

2

2

2

2

2
2

2
2

22 2
2

22
2

2

2

2

2

2

2

2

2
2

2
2222 2

2

2 222

2
2 2

2

2

2

2 2

2

2
2

2

2

2

2

22

2

2

2

2

2

2

2

2
2

2

2

22
22

2

2

2

2

22
2

2

2
2

2
2

2

2
2

2

2

22
2

2

22

2

2

2

2

2

2
2

22
2

2
2

2

2

2 2

2

2

2
2

2
2

2

2

2

2

2 2

2
2

222

2

2

222

2

2

2

2

2

2
2

2
2

2

2
2

2

2

2

2

2

2
2

2

2
2

2

2
2

2
2

22

2

2

2

2

2

2

2
222 2

2 2

2

2 2

2

2
2

2
2

2

2

2

2

2 2

2
2

22 2

2

2
2

2

2

2

2

2

2

2

2 2

2

2
2

2 2

2

2

2

2 2

2

2
2

2

2

2

22
2

2

2

2
22

22
2

2

22

2

2
2

2 2
2

2

2

2 2
2

2

2

2

22
2

2

22
22

2
2

2
2 2

2

22

2

2

2

2
22

2

2
2

2

22

2

2

2

2

2

2

2

2

2

2

2
2

2

2

2
2

22

2

2

2

22

2

2

2

2

2
2

2

2
2

2

2
2

2

2

2

2
2

2

22
2

2
22

2 22

2

2
2 2

2

2

2

2 2

2

2

2
2

2

2

22
22 2

2

2
2

2

2

2

2

2 2
2

2

2

2

2

2

22

2

2
2

2 2

2

2
2
2

2

2

2

2
2

2

2
2

2

2

2
2 22
2

2

2

2

2
2

2

2

2

2

2
2

2

2

2
2

2

2

2

2

2

2 2

2

2

2

22
2

2

2

2

2

2

2

2
2

2

22

2

2

2

2

2

2 2
22

222

2

2
2

2

22

2

2
22 2

2
2

22
2

2
2

2 2

2

2
2

2

2

2

2

2

2
2

2
2

2

2

2

22

2
2 2

2

2

2
2

2

2

2

2

2

2

2 2 2
2

2

2

2

2 2

2

2

2

2
2

2
2

2

2

2
2

2

2
2

2

2

2
2

2

2

2

2

2

2

22
2 2

2

2
2

2

2
2

2

2

2

2

2

2
2

2
2

2

2

2

2

2

2

2

2
2 2

2
2

2

2

2

2
2

2

2

2

2

2
2

2
2

2
2
22

2 2 2

2

2
2

2
2

2

2

2
2 2

2

2

2

2

2
2

2

2

2
2

2

2

2

2

2

2
2

2

2 2

2
2

2

2

2

2

2

2

2

2

2
2

2

2

2

2
2

2

2

2
2 2

2
2 2 2

2

2
2
2

2
2 2

2

2

2 22 22 2

2

22

2

22 2

2
2 2

2
2

22

2

2
2

2

2

22

2

2
2

2

2

2

2

2
2

2

2

2

2
2
2

2

2

2
2
2

2

2

2
2
2

2

2
2

2 2
2 2

2

2

2

22

2 2

2

2
2

2

2

222

2 2

2

2

2

2

2

2

2
2

2
2

2

22

2

2

2

22
2

2

2
2

2

2

2
2

2

2

2
2

2

2
2

2

2

2

2
2

2

2

2
2

2

2
2

2

2

2 2
2

22

2 2

2

2
2

2

2 2
2

2

22

22

2 2

2
2

2
2

2

2
2 2

2

2

2
2

2

2

2

2

2

2

2

2
2

22

2

2

2
22

2

2

2

2

2

2

2

2
2

2

2

2

2

2

2
2

2
2

22

2

2

2

2
2

2

2

2

2

2
2

2 2

2

2

2

22

2

2

2

2

2

2

2

2

2 2
2

2 2
2

2

2

2 2

2

22 2

2

2

2 2

2

2
2

2

2

2

2

2 2
2

2

2
2

2

2

2
2

2

2
2

2

2

2

2

2

2
2

2

2
2

2

2

2
2

2

2

2

2

2 222
2

2 2

2

2

2

22
2

2
2

2
2
2

2

2 2

2
2

2

2

2 2

2

2

2
2

2

2 2

2

2

2

2

2

2

2
2

2

2

2

2

2

2

2

2

2
2

2

2

2
2

22

2
2 22 2

2

2
2
2

2
2

2

22
2

2
2 2

2

2

2

2
2

22

2
2

22 2
2

2

2

2

2

2

2

2
2

2
22

2

2

2

2
2

2

2

22
2

2

2
22

2

2

22

2

2

2

2

2

2

222

2

22

2

2

2

2

2

22
2

2

2

2

2

2

2

2
2

22

2 2
2

2

2

2
2

2

2

2
2

2

2

22

2

2

2

2

2

2

2

2

2

222

222
2 2

2

2

22
2

2 22

222

2

2

2

2
2

2

2

2

2

22
22

2
2

22

2
22

2

2

2

2

2 2
2

2

2
22

2
2

2

2
2

2

2

2

2

22
22 2
22

2

2

2

2

2 2

2
2

2
2

2

2

2

2

2

2

2

2

2
2

2
2

22

2

2

2

2

2

2

2

2
2

2

2

2

2

2

2

2

2

22
22

2

2

2

2

2

2

2

2

2
2
2 2

2

2

2

2

2

2
2

2

2

2
2

2 2

2

2

2
2

2 2
2

2
2

2

2

22

2

2
2 2

222
2

2

2

2
2

2

22 2

2
2

2

2

2

2

2

2

2

2
2

2 2

22
2

2

2
2 2

2

2
2

2

2
22

2

2

2 2

2

2

2

2

2

2

2

2

2

2

2

2

2

2 2

2

2

2 22

2

2

2

2

2
2

2

2

2

2

2
2

2
2

2

2

2

2

22
2

2

2

2

2 2
22

222 2

2

2

2

2

2

2
22 2

2

2

2

22

2

2 2
2

2

2

2

2

2
2

2

2

2

2

2
2

2

2

2

2
2

2

2

22

22
2

2

2

2

2

2

2

2

2 222

2

22

2

2
2

2

2

2
2

2 2
2

2

2
2

2

2

2
2

2

2
22 2

2
2

2
2

2
2

2

2

2
2

2

2

2

2
2
2

2
2

2

2

2

2

2

22

2

2

2

22

2

2
2

2

2

2

2

2

2

2

2
2

2

2

2
2

2
2

2 2

2

2

2

2
2

2
2

22

2

2

22

2

2

2

2

2

2

2

2

2
2

2

2

2

2

2

2

2
2

2

2

2

2

2

2

2
2

2 2
22

2

2
2

2

2
2

2

2 2
2

2

22 2

2

2

2
2

2

2

2

2

22

2

2
2

2
2

2

2

2
2 2

2

2

2
2

2 2
2 2

2
222

2
2

22
2

2 2
2

22

22
2

2

22

2

2

2

2

2

2

2

2
22

2

2

2
2

2

2
2

2

2

2
2

2

2

2222

2

22

2
2

2
2

2

2

2

2
2

2

2

2

2

2

2
2

2

22

22

2
2

2
2

2

2

2

2

2

2

2

2

2
2

2

2

2 2

2

2

22

2

22

2

2

2

2
2

2

2
2

2

2

2

2

2 2

222

2

2

2

2
2

2

2

2 2

2

2

2

2

2

2
2

2

2

2

2

2

2

2

2

2

2

2

2

22

2
22

2
2

2

2
2

2
2

2

2
2

2

2

2

2

2

2

2

2

2

2 2

2

2

2
2

2
2

22

22

2

2

2
2 2

2

2

2
2

2

2
2

22
2

2

2

2

2

22

2
2

2
2

2

2

2

2

2

2

2

2

2

2
2

2
22

2
2

2
2

2

2

22

2

2

2

2

2

2

2

2

2

2

2

22
2

2

2

2 2
2

2

2

2
2

2

2
2

2
2

2

2

2
2

2

2

2

2

2

2

2

22

2
22

2

2222

2

2

2

2

2

2

2

2

22

2

2
2

2
2

2

2
2
2

2

2
2

2
222

2
2

2
2

2

2 2

2

2

2 2
2

2
22

2

2

2

2 2

222

2

2

2

2

2

2

2

2

2
2

2

2

2

2

2

2 22
2

2
22

2

2

2
2

22

2

2

2

2 2

2

2

2 2

2

2
22

2

2
2

2

22

2

2

2

2

22

2

2

2 2

2

2

2

2

2

2

2

2 2

2

2

2

2

2

2
2

2
2

2

2

2

2

2
2

2

2
2

2

2

2

2

2
2

2

2

2
2

2

2

2 2

2

2

2

2 2
2
2

2

2

2

2

2

2 2

2

22

2
2

2

2
2

2

2

2
2

22 2

2

2
2
2

2

2 2

2
22

2

2

2
2

2

2

2

22

2
2

2

2

2

2

2

2

2

2

2

2

2

2

2 2

2

2
2

2

2
2

2

2

2

22
2

2

2

22

2
2

2

22

2

2
2

2
2 22

22
22

2

2

2

22
22

2

2

2

2
2

2

2

2

2

2

2

2

2

2
2

22

2

2

2
2

2

2

2

2 22

2

2
2

2

2

22

2
2

2

2

2

2
2
2

2
2

2

2

2

2

2

2 2

2
2

2

2
2 22

2

2

2 2
22

2

2

2

2
2

2

2

2

2

2

2
2 2

2
2

2
2

2

2

2

2

2

2

2

2

2

2

2

22
2

2
2

2

2
2

2

2

2

2 2

2

2
2

222
2

2

2

2

22
2

2
2

2
2

2

2

2

22

2
22

2

2

2

2 2
2
2

22

2

2

2

2

2

2

22

2

2

22

2

2

2

2

2
2

2

2

2

2
2

2

2
2

2

2

2

2

2

2

2

2

2
2

2

2

2
2

2

2

2

2

2

2

2

2

2

22
2

222
2

2

2

2 22
22

2

2
2

2
2

2 22

2
2

22
2

2

2

2
2

2
2

2
22

2

2

2

2 2
2 2

22

2

2

2

2

2

2

2

22

2

2

2

2

2
2

2
2
22

2

2
2 2

2

2

2

2

2

2

2

2 2

2

2
2 2

2

22
22

2

2

2

2

222
2

2
22

2
22

2

2 2

2

2 22

22

2
2

2

2

2

2
2 2
22

22
2

2

2 2

2

3
3

3

3
3

3 33
3

3

3

3 3

3

3

3
3

3
3

3

33 333
3

3
3 3

33

3
3

3

3

3
333
333

3

3

3

3

3

3

33 33 33

33

33

3

3

3 3

3

3 3 3333 3333

3
33

3 3
3

3

3

3

3
3 33

3
3

3

3
3

33 3
3

3

3 33
33
3

3

33
3 333 333

3

3

3 33
3

3

3
3 333

3

3

3

3 33333 3

3

333

3

3

3

3

3

3
3

3

3 333 3 3

3

3

3333 3
3

3

33

3

33
33
3

3

3
3 3

3
33

3

3
33 333

3

3 3
33 3

3

3

33
3 33

3

3
3

3

33
3 33

3

3

3
3

3

3 3
3

3

3
3
3

33
33

3

3

333
3

3 33
3
333

33
3

3 333
333

3 3

3

3
3
33 3
3 33

3

3333 333 33 3

3 3

3

3
3

33
33

3
33 333 3

3

33

3

3

3

3

3 33
3

33

3

3 3
333

3
3 3333

3
3

33

3

333 3
3

33

3
3

3

3

3 3

3

3

3

33
3

3 33
3

3

333

3

3
3

3

3

3

3

33
3

3

3

3

3

3 333

3

333 333

33

333 3

3

33
3

3

3

3 33

3

33
3

3 3

3

3

33 33 3
3

333

3
3

3

3

333

3

3
333

3

3
3

3

3

3

33
333 3 3
33 3 3333

3 3

3

33 3
3

3

33
3

3
3

33 33

3
3

3

3

3

33
33

3
3

3
3

3

333

3 3

33
3

333

33

3 33 33

3

3

33 3333 333

3

333

3

33 3
3 3

3 33

3

3
3

3
33

3 3

3

3 33333 33

3

33
33 3 3

3

3
3

3

33
33 3

33
3

3

3 33 3

3
3 3

3
33

3333

3

3

3

3

33 3
3

333
3

3

3

3

3

3 3
3 3

3 33 3

3

3

33

3

33 333

3

3
3

3

3 3

3
3

3
3
3 3

3

3
3

3

3

3
3

3

3

3
3

3

3 3

3

3

3

3

3

3 33
3

3

33
3

3 3
3

3 33
3 333 333

3
3

3

3

3

3

33
3
33

33

3
3

3

3

3

3333333 3
3 3

3

3
3

3 333

3

3 333

3

3 33

3

3
3 3

3 3
3
3 3

3
3333

3
33 33 3

3
33

3
3

3

3

3

33

3

33 333 333

3

3
3

3

3

3

3

3

3

33
3

3

3

3
3 3

3
3

3 33 333
3

3

3

3333

3

3 3

3

3
33 3

3

33 33 33

3
3 33

3 33
3 3

33

3

3 33 3
3

3 3
33 3 3333

3

3

3

33
33

3 3

3

3

3

3
3 33

3
3
33

333
3

3

3

3

3
3

33
3

3

3

3
3

33

3
3

3

33
3

33

3

3

3

33 3

3

3 3 333
33

33
33

3 3

3

3
3

3

3

3
3 3 3
3

333

3

3 33
3

3 33 33

3

3 3

3

3 3
33 333

3 3

3

3

3

3

33
3

3 3
3

33

3

3
3

3
3

3

3 33
33 333 3 3

3

3

3

3
33 3

33
3

3

3
3

3

3 3

3

3

3

3
3

3

33
3

3

3 3
3

33

3
3

33
3

3

3
3
3

3
33

3

3
33

3

3

3

3 3

3

3
3

3
3

3 3
33

3

3
33

3
33 333

3
33

3
3

3 3

3

3
33

3
3

3
333

3

33

3

3

3

3

3

3 3
3 3

3

3

3

3
3 3

3
3 33

3

33
3

3 333 3

3

3

3

33

3

33
3

3
3

3

3
3
33 333

3
3 33
3

3

3

333

3
3

3

3

3
3

3

3

3
3

3

33 3
3 3

3

3
3

3

3
3

3

333
3

333 3

3

3 3

3

3 33333

3

3 33 33
3

3
3

3

3

33

3

33

3
3

3

3

3 3
3
333

3

3333 33

3

3

3
3

3

3
3
3333 33

33

3

33 333
3333

333 3

3

33

3
3

3
3

3 33
33 3

33

3

3

3

3

3 3333 3
3

3
33

33
3 3

333
3

3333

3

3

3

3
3
3

33

3

3
3 3
3

3

3
3
3

3

3

33

3

3

3

3

3
3 333

3

3

333
3

3

33
3

333
33 3

3

3

33

3 3

3 333

3

3
3

3

33

3 333 3
3

3
3

3
3

3
3

3

3

3333
3333 3
3
3

3

3

33

3

3
3 3

333 3 3
3

33333
3

3

333

3

3 3
33

3 3

3

3333

3

3 333333

3

3

3

3

333
3

33
3

3

3
3

3
3 3

3

3333 3 33 3

3

333

33
3

33 3
33

33 3
3

3

33

3
33

3
3

3

3
3

3

33 3 3
3

3

3
3

3

3
3

3 33

3
33333 3

33
3
3

3
3

33

3333

3

3

3

3

3
3

3 33

3

3

3

3 33 33
3
3
3 33 3

3
3 333

3
3 33
3

3
3

3

3

3

33 33 3 3

3

3

3

33
3333 33

33 333 33

3

3

3 33 3
3
33 3

3

3

33 3

3

3

3

33 3

3

3 3
3

33 333

3

3
3

3

33 3
3

3

3

3

3 3 3

3

33
3
3

3

3
3

3

3 333 3 3
3

3

3

33 333
3

3

3
3 3

333
3

3

3333
3

333
3

3

3

33 3 3 3
3

33
33

333
3

333
3

3333 333 33

3

3
3 3 33

3
3

3
3

3

33

3

333 3

3

33

3
3

3

3

333
3 33

33

3

33 333

3

3 3 3
3 33

3
3

3 3
3

3

3
33

3

3

3

33
3

3

3

33
3

3
3

3
3

33

3

3

3

3

33 33

3
33

3

33

3

33

3
33

3

33
33

3

3
3
33

3

3
3

3

3

3 3
3 33

3

3

3

33

3

3 3

3

3

3
3

3
33

3
3333

3

3

33
33

3

33
33

3

3

3 33
3

3

3

3

3

3

33
33
33

3

3

3

3
333
3

3
33 3

3

333
3

33 333

3

3

3
3 3

3
3

3

3

3

33 33

3

3
3

3

33 3 3
3

3

3 33 3 3
3

3
3

3
3
333

3 3

3

3333

3

3

3

333 33 33 333
3

3 33
333

3
33

3

3
3

3
3333

3

3

3
3

3

3

3
3

3

3

3
3

3

3

3

3

3

33

3
3

3

3

333

3

3

3

3

3
3

3

33 3

3

3

3

3
33

3

3 3

3
3

3
3

3

3

3
33

3 3

3
33

3
3 33

33

3

3
3

3 33

3

3
3

3 333

3

33

3
3
3
3 3
333
33 33

3

3

3
3

3

33 33
33

3
3

33
3

3
3

3

3 3

3

3
3

3

3

3

3
3

3

3
3

3

33

3

3

3

3

333

3

3

3

33
3
3

3

3

3

33333 333

3

33 33 3

3
3

3333
3 3
33

3

3

3

3

3

3

3

3

33

33
3

3

3
3
3

3 3
33

3

3 3 3

3

33
33

3

33
3

33

3

3

333

3

33
33

3
33

3

33

3

3 3

3
3

33
33

3

3

3

3
333

3 3

33
3
3

3
3 333 3

3
3

3

33
3

33 3333 333 3

3

3

3

333 333 33 333
3
333

3

3
33 3 3333

3
33

3 33

33

3

3

333

3

3
33

3

33 333
3
3 3

3

3

33 33 3

3

3

3
3
3

3
3 3

33 33 3

3
333

3 33
3
3

3

33 3

3

3 33

3

33 33

3

3

3

3 33

3

3
3 3

3

33 3
33
333

3

3
3

3
33

3
3

3
3

3

3

3

33

3

33
3

3

3 3

3

3

3
3 3

3

3

3

3

3

3

3

3

3

333

3

3

3

3 3
333
33 3

3 33
3

3 3
3

333
3
33

3

3

3
3

3
3

33

3

33
3

3

33

3

33 3

3

33 3
3
3
3
3

33
3
3
33

3
33
3

3
3 33

3 3

3

3
3 3

3
3

3

3

3

3

33

3

33

3

3

33

3

3
3

3
3

333
3

3 3
3

3

3

3
3 3

3
3

33

33

33
3

3

3

3

3
3 3

3

33 3

3

3
33 33

3

3

33

3

3
3

3

33
3

3

33

3

3

3 33333

3

3
3

3

3 3
3

3333 33 33

3

3 333
3

3
333 3
3

3

33
3

3 33
3

3
3

333
3

3
3

3
3

3

3

33 33 3

3

3
3

3

33

3

3 33 33
333

3
3 3

3
3

3
3

33 33 3

3

3

3

3 333

3

33
3

3

3
3

3

3 33 3

3

3
3

3 33
33

3

3

3

3

3

3

333 3 33 3

3

3
33 3
333

3

3

3 3

3

3
3
33

333 33

3

3

3
33 333

33

3

3 333
33

3 33
33333

3

3
3 3 3

3

33
3333

3
3

3

3
33 33 3

33
33

3

3
3

3

3

3

33 3

3
3

3
3

3

3
3
3

3

3

3

3
3

333

3

333 3
3

33
3

333 3
3

3

3

3

3
33

3

3

3

3333 3

3
3

3
3

3 3333
3 3

3

3 33
3

33
3

33
3

3

33

333
3

3

3 3
3

3

333
3 33

3

33

3

333

3
3
33 3

3
3

3

3

3

3

3

3

3

3

3 333 3

3

3

3

3

3

3

333
3

3

3

3

3

3
33 3

3

3
3

3
33
333

3
3

33 3
3

3 3

3

3

3

333
3

33

3

3 3

3

3

3
3

3

33 3

3

3

3

3
3

3
333

3
3

3

3

33
3

3

33

3

3
3 3

3
3

3

3 3
3
3
333 3 33

3

3

3

3
333 3333

3
3

3

3333333 3

3

33 333333

3

3
3 3

3

3

33

3

3

3 3
3

333
3

33
3

33
3

3
33

3

3

3
3

33

3

3

3

3 3

3
3

33
3 3

33
33

3
3333

3 3

3

3
3

3

3 3

3

3

3

333 333 3 33

3

3

3
3

3
3

3
33 3

3
3

3
3

3

3 3

3

3

3 33
3

3

3

3
3

3

3333

3

3 333 3
3

3
3

3 3

3

3

33

3

3

3
33

3

33 333

3

33 33
3

3 33

3

3333333

3

333
3

3

3
3

3

3
33 3

3
3 333

3

33
3

3

3

3 33

3

3
33

3
33 33

3

3

3
3

3 33

3

3 333

3

3

3
3 3

3
3333

3 3

3

33
3

33
3

3
3
33

3

3

3

3

3

3 33
3

3
3

3

3

3 3

3

3

3

3
3

3

3
3

3

3
33

3

3

3

3 3

3

3 3
3

333 3

3

33 3

3

3

3

3

3
3

3

3

3

3333
3

3
3

3

3
3

3
33

3
3

3

3
3

3

33
3 3

3

3 33
3

33 33
3

33
3

3

3 33
33

333 33

3
3

3
3

33

3

3 3

3

3
33 3

3

3

3

3

3

3
3 33

3
3

3 3

3

3
3

3

3

3 3

3

3
3

3

3
3

33

3

3

3
33

3 3
3
3

3

3
3 33

3
3

3
333

3

3 333
33

3

3

3
3 33 3

3

33 33
3

3
333 3 333 3

3

3

3

3

3
33

3

33
3

3

3

3

3

3

3 3

3
3

3
3 3

3

3

3

3
3

3

33 33
3

3

3

3

3

33
3

33 3 3
3

3

33 33
3

3

3
3

3

3
33

3

3

3

3

3

3

3 3
3

3

3

33
3
3 33
3 333

33
3

3

3

3

3

3
33

3
3

3

333
3

3
3

3

3
3

3
3 33

3

3

33

3

3

3
3
3

3

3
3 3 3

3

3

3 3 3
3

3 33

3
3

3 33

3

3
333
333

3

33 333 333 3
3 3

3
3333 3

3

3

3 3

3

333 3
3

3

3

3

3

3

33 33
3

3

3
3

3
3

3

3

3

3

3
33 33

33
3 3 3
3

3
33 3

3

3 3
3 3

3

3
3 33

3

3

3

33 33 33 33 3333333 33

3

33
3
3

3
3 333

3

33
3

3

3

3 3
3

3

3

3 3

3
33 3

3

3 3

3

3

3

3 3 3
3

33 3
3

3

3 33 3

3

3

3

3 3
3 3

3

3
33

3
3 33

3 3

3

3

3

3

3
3

3
3

3

3
3

3

3

3 3

3

3

3 33
3

3
3 33

3
3

33

3

33
3
33 33 33

3

3
33 33

3

3
3 3

3

3
3
33

3

3
3

3

3

3

333

3

3

33

3
33

3
3

3

3
33

3 33

3
33

3
3

3

3

3
3 3

3

33 33

3

3

3

333333
3

3

3

333 3

3

3 3
3

3
3

3

333 33 3
3

3
3

3

3
3
3

3

33 3

3
3

333 3 33

3

3

33 3
3 3
3

3 3

3

3

33

3 333
3 3

3

3
3

33 33
33

3
333 3 3

3

3

3

3

3

3

333 3
3

3

3

3

3

3

3

3

3
3

3

3

3
3

33
333 33 33

3
3

33

3

3
3

33
3

33 3
3 333

3
3

3

3
3
33

3

3

3

3 3
33333

3

3

3

3

3

33

3

3

3

3 33

3
3

3
3

33 3 3
3

3

3
3

3

3

33
3

33
3

3
3 3 33

3
33 33

3

33
3

3

3

3
333 3

3

3

3 33
3 3

3
3
333

3

3 3 3 33
3

3
3

333

3

3

3

3 3
333333 33

3

33
3

3

3

3

3 3

3
3
3

3

3 3

3

3
3

3

3

3

3

3

3

3
3

33

3

333
3
3

3
3

3

3333 3

3

3

3

3

33

3

3

333 33
3 3

3

33
33 3

3
33
33

3

3
3

33 3
33

3 3
3

3

3

3
3 3 33
3

3

333

3

333
33 3

33

3

3

3

3
3
33
33 33 3

3

3333 33 333 3333
3 33

3

3

3

3

3
3

333

3

3
3 3

3

3

3 3
3 3

3
33333

3
333

3

3 33

3

3 3
3

3 33

3

3

3

3
3 3 333 3

3

3
3333 3

3
33

33
3

3 33
3

3 3
3

3
3

3
3

3
3

3

3 3
3

3

3
3

33

33
3 33

3

3

3

3

3

3

3

3
3

3

3

3
3

3

3

3 3 3

3

3

3

3
3

33 3
3

3
3

33
3

3
33

3

3

3

3 3 3
3

3 3 3

3
3

3
33

33
3

3

3

3
3

33

3

3 3

3

3
33

3
3

3

3

3

3

33 3

3

3
33 3

3

3

3

3
3

3

3

3

3 3
3 33

3

3

3

3

3

3

3 3

3

3
3 3

3
3

3
33
3

3

33
3

3
33

33
3 33
3
3

3

33333

3

33 3
3
33

3

3
3

3 33 3 3
33
3

3

3
3

3

3
33

3
3

3 3

3

33

3

33333 3

3
3

3 3 33

3

33

3

33 333
3
3

3
3

3

3

3

3 33

3

3 3 33
3

3

3
33

3
3 3

3 3
3

3
3

3
3

3
3 3

3

33

3

3

3

33 3

3

3

3

3 3
3

3

3
3

3

3

33 33

3

3333

3

3 3
3 3

3

3

3

3

3

3
33

3

33 33
33

33
3

3
3

3 33 33
3

3

3
3 3

33

3
3

3
3

3

3
3

3

3

3

3 3

3

3

33

3
3 3

3 3

3

3

3

3

33 33

3

3

3

3
3

3

3 3

3

33
3

333
3
3

3333
3

3 33

3

3 3

33

3 3 3

3
3

33

3

3
3

3
3

3

3
33

3
3
3 33
3

3

3

3 33
3

3

3

3

33 33
3

3

3
33

3 3 3

3

3

3

33 3 33
3333

3
3 33 3 33

3
3

3

333
3 33

3
3

3

3

3
3

3

3
333

3
3

3

3

3

3

3
333 333 3333 3
3

3

3 33

3

3

3 3
33 33

3 3

3

3

3
3

3

33

3

3

3

3
3

33

3
33

3

3

33 33
33 3 33

3 33

3

33

3

3

3

3

3

33
3

33
33

3
33

3

3 33 33 33 33

3
33
3

3
33 33 3 3333

3

3
3 3
3

33
3

3

3

3
3

3
3 3333

3 3
33

3
3

33 3

3

3 333

3

3 33

3333
3

3

3

3
3

3

3
3 333333 333

3
3

33 33

3

3

3

3
3

3

3

3
3

3

3
333

3

3

3

3

3

333 333

3

3
3

3
3

3

3

33

3
33 3

3

33 3 3
3 3

3

3

3
3 33

3
3

3

3

3

3

3

3

3 3

3

3
3

3

3

33

3

3

3

3 3
333

3
3

33 3

3

3
3
3

333

3

33
3

3
3
3 33

3

3
3 33

33
3

3
3 3 3

3

3
3

3

3

3

3

3
3 33

3

3

3

3

333 3

3

3 33
3

3

3

33 3
3

3
3 3

3

3

3 333

3 3

3

3

3
3

3 3
33

3

333 3

3

3333
3

3

3
3

33 3

3

33
3

3

3

33

3

33

3

3

3

3

3

3
3333

3
3

3

33

3

3

3
3 3

3
3

3

3

3
3

3 33
3

3 3
33
3

3
3

3

3

3

3

3

3

3 33

3

3333
3

3

3

3

3

3

3
3

3

3

3

3

3

3

3

3

333
333 333

3

3
3

333 3333 3

3

3 33

3

3 3

3

33
333

3

3

3

3 33 33

3

3
3

3

3

3

3
3

3
3 3 33 33

3

333

33

3

3

3
3 333
33 33

3

3

33

3

3 33
3 333

3
3

3
3

3

3

3

3

3
33 33

333
3 3

3

3

3

3
3 33

3
3 333333 3

3
33 33

3

3

3

33

3
3

3 33 333

3

3

3

3
3 33

3

33

3

3
3 33

33

333
33 3
333 3

3

3 33
33 3

3

3
3

3
33

3

33 3
3

3

3 3

3

3
3

33

3
33

33
3

3 3

3
3 3 3

3
33 3 3

3
3

3
333

3

33
33

3

33 33

3

3
3

3
3

3

3
3

3

3 3 333

3

33 333 33
3 3333

3

3
3

3
3
3 3

3

3

3

33
333

3

3
3

3

3

3

3

33

3

3

3 33
333

33
333 333

3

3

33

3

3

3

3
3

3

3
3

3

3

3

3

3

3333

3

3333 33
3

33
3 3

3 3
3
3

3
3

3

3

3
3

3
3

3

3
3 3 3

3

3 33

3

33 3

3

3

3
3

3

3
3

3
3

3
3 3

3
3

3

3

33 3

3

3

3

3

3

33
333

3

3 3
3 33

3
3

3

3

3
3

3

3

3
3

33 3

3

3 3
3

33

33

3
3

3

3

33
3

3
33

33
3

3

3
3 33
3
33

3

3
33

3

3
3

3

3

3
3

333

3
3 3

3

3

3

3

33 3

3

3

3

3 3

33

33
3

3
3

3

3
33

3

3
3

3

33
3

3

3

33 33
3
3

3

3
3 3333

3

3
3

333 3

3

33 3

3

3

3

3

3
3

33

3

3
3

3
3 3 3

3
3

3

3

33 33

3

3
3

3

33
3

3
3 3

3

3

33
3 3

3
3 3 3

33 3
3

3

33
33

3

3

3

33

3

33
3

33 3

3

3 3
3

3 33 333 3333 3333
3 33 3

3
33

3333 33
3

3

3

3

3 33 3

3
3

3
3

3

3

3

33
3
3

33
3

3 33
3

3

3

3

3
3

33 33 3

3
3
3 3
3

3

33

3

3
3

3

3

33
3

3

3 3
3 3

3

3 333

3

333
33

3

3

3

3 3

3
3

3

3

3 3

3

3
3

3
3 3

3
333

333 33
3
3

3

3
33 3 3333 3

33

3

3

33

3

33 333 33

3

3
3

3

3

3

33
3

333

3
3
3

3

3

333
3

3

3

3
33

3

3333 3 33

3

3 3

3

3

3

3
333 3

3
3
33

3

33 33

3

33
3

3
3

3
3

3 3333 3

3

3 3
3
3
3
3

333

3

3 33
3

3
3

3
333 33

3

3 3

3

33 3

3

3

3

33

3

3
3

3

33
333

33

3

3
3

3

33

3

3

3

333 33

3

3
3 333

3

33333

3

3

3

3

3

3
3

33

3
333 33 3

3
3

3
3

3
3

3

33
3

3
3 3
3
3

33

3333
3 3

3

3
3
3333 33
3
3

3

33
3
33

3

3
3

33
33

3

3 3

3
3

3

3
3

3

3

3 3 3
33

3

3

3
3

33

3

33
3

3

3

3
3

3

333
3
3

3
3

3
3

3
33

3
3

3

3

3
33 33

3
3

3

3

33
3

3

3

3

3

333

3

3
33 3

3

3333
3 3

3

3
3

33 333

3

333
3 33

3
3

3
33 3

33

3

3
3 3

3
3

3

3

333
3

333 33 33 3
3

3 333 3

3

33 333 333
33

3

33 333

3

3

3

3

3

33

33

3

3
3 33
33

3333 3

3

3 3
3

3

3

3
3

3 333

3

3

3
3

3

3

33
3

3

3

3

3
3

3
33

3

3

3 3

3

3
3 3

3

3

3

33

3

3

333
3 3 33 3

3

3

3

3 3 3

3

33
3

3
33 33 3

3
3

33

3
33

3 3

3

3
3

3

3

3

3333 33
3 3333

33
33

3

3
33

3

3
3

3
3

3
3

3

3 33
33333

3

333
3 3

3

333
3

333

3

3

3
33

3

3

3
3

33

3

3

3

33

3

333 33
3

33
3 333

3
3

3 33
3
33

3

3 33
3

33

3

3333
3

3 33 3

33

3

3

3

3

3

3

3

3

3

3

33 33
3

33

3

33
3

3
3

3 3

3
3

3

3
33 3

3
3

3

3

3

3

3

3
3
33
3

3

3

3 3
3
33

3

3 3
33

3

3 3

3

3
3 33

3

3
3

3

33
333
33

3

33 33 3

3

3

3

3 333
3

3
333

3

3
3

3
3

3

3

333333 333

3

33
3

3

3

3

3
3

3

3
333 33 3

3

3

3

3 33 3
33

3

3

3
3

3

3

3
3

3

3
3

3

3 33
3

33 3 33 3
3

3

3
33

3

3 33
3

3

3

33

3
33 33

3

3333 33 3
3 3

3
3

3
3

3

3

3
3

3
3 3

3
3 3

3

3
3

3

33 33 3

3

3

3 333

3

3
3

3
33 33

3

33
3
3

33

33

3 33
3 3

3 3

33

3
33
33

3 3

3

3
3 3

3
3 333 3 33

3

3

3

3

3

3

3

3

3
3

3 3

3

33 3 3

3

3

3

3
33333

3
3 33 333333

3
3 333

3

3

3 3
3

3 333 33 33 3
33 33 3 3

3

3

33

3
3

3

3

3

3
3

3
3

3

3

3 33
3

3
33 33
3

3
3 33

3

3

3

33

3

3

3

3

3

3

3
3 3

33

3 333
3

3 3

3

33 3

3

33 3333

3

333

3

3

3 333

3

3333

3

3
3

3

3

33

3

33

3

333

3

33 33
3

3

3

3
33333 3 33

3

3

3
3
3
3

3
3

333

3

3

3
3

3

3
333

3

3
3

3

33 3 33

3

33

3

3 3
3
3

333

3

3
3

3
3
3
33

333
3 3

3

3 33
33 3

3

3

3

3

3

3

3
3

3

33 3

3

3
3

3
3

333 333

3

33 333 3
33

33 3
3

3

3

3

3
3
3
3
3

33

3

3
3

3 33

3
33

3

3
3

3

3
33
3 3

33

3333

3

3
3

3
33

3

33

3

3
3 3

3
333

33 33
3

333

3

333
3

333 333
33

3
3

3
33 33

3 33

3

3
33

3

33 3
3

3
3

3
3

3

33
33

3

3

3

3 33 33
3
3 3

3
33333 33

3
3

3

3

33
3

3
33

3

333
3

3
3

3

33

3

3

3

3

3 3

3

3

3 333

3

3

3

3

3

3
3

33

3 3
33

3
33

3

3

33 33

3

3
3

3 33 33
33

3
3

3
3 3

3
3

3
3

3

33 33 3

3

3

3

33

3

3333
3

3

3 333

3

3

3

3 3 3

3

3

3

3 3 3

3

3

3

3
33

3 3
33 33
3

3

3
3

3
33

3

3

3

3

3 333

3

3 33 33 3

3
3

3

333
3
3
3
33 33

33
33 3 33 33 33

3

3

3

333
3
33

3

3
3 3

3

3
3

3
3 3

3
3
3

3

3

33 33
33

3

3

3

3

3
3

333
3

3
3 33

3

3

3
33

3

3

33

3 3
3

33
3

3 3
33 3

333 33

3

3

3333 3
33 333 3

3
33 333 3

3
3

3
3
3

3

3

33 3333 3
3

3
33

3
3

3
3

3

3

3

3
33333

3 3 333

3

3

3

3 3
333

3

333
33

3

3 3
3

3 33 33

3

3

3
333 333

3
33 33 33

3 3

3

3

3
3

3
3

3

3

33
33

3

33

3

3

3

3
3

3

33

3

333
3

33

3

3 3
3 333

3

3
3

3
33

3 3

3

3
3

33

3
3

3

333 3
33

3

3 3

3

3
3

3
333 3

3

3

3

3

3

3
3

3 33 33 3
3

3

3

3 33
3

3

3 3
3

3
3333

3
333 33

3

333
3

3
3

3

33

3 3

3 3 33

3
3

3

3

3

33

333

3

33 333

3

33

3
3

3
3 3

3
3 33

3333
3

33
3

33
3

3

3

3

333
3

3

3

33
3

3
33 3

33 33
3

3

3

3
3

33
33

3
3

3

3

333

3

3
3

3
3
3

3

33
3

3

33 33
333
3 3

3

3

3
3

33 33
3

33

3

3
33 33

3

33

3

3
3 3

3

33 33
33

3

3
333

3

333 3

3

3 3

3

3

3
3

3
3

3

3
3

3
3 3

3

3333
3

3

3

3

3

3 3

3

3

3 3

3

3

3 333

3

33
3

3

3

3

3

33 33 33 33 3

3

3
3

3
3
3

3

3

3

3

33
33

3

33

33
3
3 33

3

3

3

3

3

3

3

3 3 33
3 3

33
3

3

333
3 3

3

33 333 3

3

333 3333
3

3333

3

3

3

33
3

3

3

33

3 3

3

3
33

3
3

3

3
333

3

3

3

33 3

3

3
3

33 3

3

3

3
3

33
3

333

3

33 3
3

33

3

3333

3 3
3

33

3

3

3

333 33
3

33

3
3

3

3
33 333

3
33 3

3
3

3

33
3 3

3 33
3

333

3

3

3

3
3

3 3 3

3

3

33

3
3

3

3

3 3
3
3
33 3

3

3

3

3

3
3

3
3

3

3
33

3

3

33 3
333

3 3

3

3
3 333 33

3

3

3
333

3

3 333333
3 3

3 3

3

33
3

3

3

3

3

3
3

3

33
33333

3

3
3

3
3

3
3

33
3
3

333

3

3

33
3

3

3
3

3

3

3

3

3333 3

3

3

3

33
33
3

3
3

3

3 3

3

3
3

3
3

3 33 33

3

3

3
3

3

3

3

3

3

3

3
33

3 33

3 3

3 3333 33 3
3 3

33 333
3

3

3

3 33 33
33 33

3
3333

33

3

33
33 33 333

3

3

3
3 333

3

3

3

3
3 3

3

33
3 3

3

3 3333
3
3

3

3 3
3

333

3

3

3

3
3
3

33 333 3
3

3

3

3 3

3
3

3

3
3

33
3

3

3 33
3

3
3

3
333

333

3

3

3

3
3
3

3

3

3
3

333 3
3

3
3 3

3

3
3

333
33

3
33

33

3
3

3
3

3
3
3

3 3
3

3

3 3

3

33

3

3
3

3 33

3

3

3 3

3
3

3

3

3

3

3

3

3

333 33
3

3
33 3

3

3
33

3

3

3
3

3

3 33
3 3

3
3

3

3 3 33333

3

33333
3 3333

3

3
33333 33

3

3

3

333

3

3

3

3 3
3

3

3
33

3

3

3

3

3
3 33

3

3

33

3

3

3

3

3

3
3

3

3

33

3

33

3

3

3

3
3
3
3 333

3

33

3

33

3

33
33 3

3
33

3

3

3
3

3
3

3 33
3333 333 3

3
33 333 33 333

3

3 333

3

3

3

3

3

3333
3

3

3
3

3

3

333

3

33
33

3

33
3

3

3 3
33
3

33
3
3

3
3
3 33 3

3

3

33 3

3
3

33

3

33
3

3 3
3

3
33

3

3 3
3

3
3

3
3

3
3 3

3

3

3
3

3

3
3
3333

3
3

3
3

3

33 3333

3

3 33
3

3
3

33 3 333 3
3

3 33

3

3
3

3 3

3

3 3 3

3

3
3 33

3

3
33

3

3

3

3 3
33 33 3 33 3 3

3

3
3

3

333 3
3 33

3

3

3

3

3 3

3

3

3
33

3

33

3

3

3

3
33

3

3 3

3

3 3

3

3 3
3

3333

3
33

3

3
33 33 3 33

3

3

33
3

3

3
3

3

3 33 3
3

33
3 333

3
3

3

333

3

3

3

3

3

3

3
3

33
3

33 33

3

3

3

3

3 3333 3

3
3

33

3

3

3
33 3

3
333 3

3

333 33

3

3 3

3

3

3
3

3

3
3

333

3

33 3
3

3

3

3
3
33 3

33 3 3

3

3

3

3 33
3
3

3
3

3
3

333 33
3

3

3

3
3

3 33

3

3
3 3

3

3
3

3
3 333

3

3
3

333 33

3 3

33 33

3

3
3

3

3

3
3 3

3

3

3

3

3

3

3
33

33 3

3

3
333

3

3

333 3

33

3

3

33
3

3

3
3

33

3
3

3
33 33

3
33

3

3
33 3

3

33

3
3 3

3

3

333

3

33

3

33 3

3

333 3333333
3 3

333
3

3
3 3

3

3

3
3

3
3
3
3 3 33 3

3
3

3

3

3
3

333

3

3

3

33

3

3

3

3

3
33

3

3

33 3

3
3

3
3

3 3
3

3

3
3

3
3

333

3

3
33 33

3
3 3

3

33

3

3

3

333
3 3

3

33
3

3
3

333 3
3 3333

3

3

3

33
3 3 33

333 3333

3

3

3

3

3

333 3
3

3

33 3
3

3

3

3
3 33 3333 3

3

33
3
33

3
33 3

3

3

3

3

33
3

3
3

333
3

3 33

3

3

3
33

3

3

33
3

3
3

3

3

3
3 3333

33 33 3

3

3 333 3333
3

3

333
3 333 33333

3

333
3

3

3

33

3

3 3
3

3

33
3

3

3
33

33

3

3

3

3
3

3 3 33
3

3
3

3

3
33 3

33

33

3

33
3

3 33
3

3
3
3 33

333

3

33 3

3

33 3 33 33

3

33

3
33

3

3

3
3 3

3

33
3

3

3

3
3

33 3

3

33

3

3
3

3

3
3

3
3

3

333
3

3
3

33 333 33 3
3

333

3
3

3

3 33

3

3
3

3

33 333
3

3

3

3

33 33
33
3

3

33

3

3

3

3

3
3

33
3

3
3

33

3

3

3

3

33
3

3

3 3
3

3

3

33
3

3

3

33 33
3

3

3

33
3

3

3
3 333 3

3

3
3 333

33

3 33

3

3
3 33

333
3

3 3
3

3

3

3

3 3
3

3

3

33

3

3

3

3

333
3

3

3
3 333 33

3

333
3
3

3

33 33

3

3

3 333333 3
3

333 3
3
3

3

33
333

3

3

3

3 333 3
3

3
3

3

333 3

3

3

3
3

33 3
33

3

33 33 3 333
3 33 3
3

3333 33

3

3

3 33 33
3

3

3

33 3
3 3

33

3 33

3

3

3

3

3
33

3

333

3

3
333 333 3

3

3
3

33

33 3 3

3

3

3

3

3

3

3

3

3
3333

3

33

33

3
3

33
33 3

3
33

3

3

3

3

3

3

3 33

3

3

3
3

3

3

3 33 333
3

33 33 33 333

3

3

3

33 3
3
3 3333

3

3

3
333 33 33

3

3

3
3 3

3

3

3 33 3

3
3

33 3
3
3

3

3

3333

3

3

3

3
3

3
3 333

3
3 3

3

33

3

3 33 3

3

3

33 33 3

3

3 3

3 3

33
3
3

3

33
33 333 3

33 33

3

33

3

3

3

3

3

33 3

3
3
333

3

3

33 3 3
3 33

33333
333 33

3

3
3

3

3
3 3

33 3
3

3

33
3
3

33
3

3

3

3 3 3 3
3

3

33 3 3
3

3
33 3

3

3
33 3

3

3
3

33

3

3

3

3 33

3

333
33

33

3

3
333 33

3
33

3
333

3

3 33 333 3 3

3

3

3

3 33 3

3

33

3

3
3 3

3 33
3
3

33 33 3 3
3

3 3
3

3

3

3
33

3 3

3

33

3
3

3
3

3 3 3
3

3 3

3

3 33
3 3 33

3

3

3

3
33 3

3

3

3 33

3

3

3 3
33

3

3333 3

3

3 3

3

3
3

3

3 3
3

3

3 3
3

3
3 3
3

3

3

3
3

3
3

3

3

3
333

3 33
3

3

33

3

3

3

3
3

3

3

3

3
3

33
3

333 33

3

33
33

3

33

3 3

3

3
33

3

3
3

3

33

3

3
3

3
3

3

333
3

33 3 33 3
3

33 33

3

33
33 33

3

3
3

3
3 3 333

3
3

3
3

33
3

3

3

3
33

3
33

3333
33 3

3333

3

3
33 33

3

3
33 33

3

3 3

3

33
3 3

3

3

3

3

3 3
3
3

3 3

3

33

3

3
3

3

3

33
3 333

3

3
33 333 3

3
3 3

3 3

3

3

3

3

3

3

3
3

33 3
33

3

33333
33

3

3

3

3
33

3

33

3 33 3
33

3
3

3

3 3

3
33 3

3

3 33 33 3

3

3

3 3

3

33333
33

3

3

3
3

33

3

3

3 3
3

333
33 3

3

3

3
3
33

3
3

3
33 33

3

3

3

3

3
3

3

3

33
3

3

3

3 33

3

3

3

3

3
333

3

3

3

33
33

3
3

3
3

3

3

3

3

33

3

3

3

3

3
3

3

3

3

33
3

3

3 3
3

33

3

3

3

3

3 3
3 33

3

3 3333
3

3 3

33 3
3 33

3

3
3

3
3

3

3
3

3

3
3 33

3

333 3
3

3
33 3

333
3

33
33
33

3

3

3
3

33333 3 3

3

3

33

3

3
3

333

3

33

3

3

3

33
3

33
333 33

3
333 333

3

3

3
3

3

3

3
3

3

33
3
33

333

3

3

3
3 33

33 33 33 3

3

3
3

3

3
33 3

3

33

3

3 33
3

3

33
3

3
3
333

3

3

3
33

3

3
3

3

3

3 333

3

3
3

3333

3
3333 3

333
3333 3

3 3

33

3

3

3

333
3
3

3 3

3

3

3
3 33

3
33 33

333

3

33 3333 33
3

3

33
3

3

3 3

3

3

3

3
3 3

3

3 33 33

3

3

3

33

3

3

3 33
33

3

3

3

3

3
3 3

3

3

3
33 33

3

3
33

3

3
3

3 3
3

3
33 33 333 333

3
3

33
3

3

3

3

3
3

3

3

3
3

3
3

3
3

3

3

3

3

3

3

33
33

3333

3

33 333

3
3

3

33

3

3 3

333

3

3

3
3

3333 33 333

3

3

3

3

3
3 33

33

3
3

3
3 3

3
3

3

33
3

3 33 3
33

3
3
3

33
3

3

3

3
3
3

3

3
33

3

3

3

3 3 3
3

3
3

333

3

3333
33

3
3

33

3

3

3

3
3

3
33

3

33

3

3
3

3
3

3

33333
3

3

3

3

3
3

3

33

3

3

3

333 3

3

3 3
3

3 333
3

3
3

3

3 33 33 333
3

3
33

3

3

3

3
3

3 333 333

3

3
3 33 3

3

33 33

3

33 33

3

3
3 33

3

333
333

3

3

3
33 3 33
3

3

33
3

33 3 3
3

3
3

3

33

3

3

3

3

3

3

33
3
33333 3

3
3

3

3

333 33
3

33 3

3
3333
33 3333

3

3

3

3 3

3

3

3

3
3

3
3 33

33

3

33

3

33 3

3

3

3
3

3 333

3

33

3

33
3

3

3
3 333 3 333 3

3

3

3

3 333
33

3

3

3

3
3

3
3333

3

3 3333

3

33

3

3
333

33
3

33

3
3

3

3333 3

3

33

3

3
3

33

3

3
3

33

3

3

3 3

3

3

3
3

3 3

3

3

3

3 3

3

3

3

3

3 3 3

3 3

3

3

3

3

33
3

3

3

3

33 3 33

3

3333

3

33

3

3

3

3
33 3

3

3

3
3

33 3

3

333

3

3

3

3

3

3

333

3

3
3

3

3 33

3 3

3

3

3 3
3

3

3

3

3

3 33

3

33 3
33 333

3
3

3
3333

3
3

3

3

3

3

3 3

3

3

3
3

3

33
3

3

3

3

3

3
3 333

3

3

3

3
3

3
3

3

3 33 3
33

3
33

3

33

3

3

3 3
3

3

3
3

3 333

3

3 3

3

3
3

33
33

3

3

3
3

33
3

3 33

3

3
3

3

3

3 3333 3

3

3
3

3

3
3

3

3

3
3

33 33
3

3 3
3

3
3

3

3 3

3

33 33
3

3 33 3 3

3

3

3 333
3

3

33
33
3

3
3

33

3
3

33 33333 33

3

3
3

3

3
3

3 3 3
333 3

3

3
3

33
3

333

3

3 3
3

33333 33

3

3

3

3

3

3
3 33 3

3 3 333
3

3 333

3

3 33

3
3 3

3 33

3
3

3

3

3

3
3 3

33 3
3

3
3

3 333 33

3
3 3

3

33

3

3

3 33

3

3
3
3
3
3 33

3

3

3

3

3

3

3333

3

3 3

3

3
3 33 3
3 33 3

3

3

3
3

3

3

3
3

3

3
3

3

3
3

33

3

3
3
3

3

3

3
3

3

3
3

3

33

3

3
3 3

3

3

3

3

33 33

3

3
3

33

3

3 3

3

33
3333

3

3 3 3
3

3

3 3
3

333

3
3

3

3
3

3 3333 3

3

3
3

33 3
3

33
3333

3
3 33

3

3

3

3

33 33
3

3

3
3

3

3
3

3 33 3333

3

33
333 33 333

3

3

3
333 3

33
3 3

3

33 33

3 3
3

3

33 33
333

3

3

44
4

4
44 44

4
4

4
44

4

4
44 44

4

444 44
4

4 4 444

4
44
4

4 4444 44

4
4 4

4

4

4 44444

44

4 4
4

4 44
4

44
4
44444 444

4

44 44 4
4

4

44 444
44

44
44 44

4
4 4

444
4

4

4 44
4
44 444 44444

4
444 44 4

4
4
4 44444 4
4

444

4

4

4

44 44
4

4 444 44
4

4

4444 44

4

44
444 44

4
4

44 4

4

44
4
444 4444

4

4 4
4

44
4

444 44
4
44

4
4 4444

4
44

4
444

4
4 44
44 44

4
4
444
4

4 44
4

444
44

4
4 44 44444 4

4

4 444 4444 44
4

444 444 44 4
4 44
4 4444444

44444 44 44

4

4

4
4

444 4444
4

4 444444 4444
44
44
4
444 44

44
4

4

4

4
4 4
4

4
4
44

44 444
4

444
4

44
4

4
4

4
4 4

4
4

4

4

4 444

4

44 444
44

444 4

4

44
4
4

4

4 44

4

4 4
4

4

4
4

44 44 444
44

4

4

4
4

444
4

4 444

4

44

4
4

4
4 444 44 444 444444

4

4
4 44 444

4
4

4 44 44

4
44

4
4
4444

4 4
44

4

444
4

4
44 4
444

44
444 444

4

4
44
444 444
4
444

4
44 444444

4
4
44
4

4 4
4 4

4
44
44444 4

4

44 44
4 4

4

4
4
4
4444 444

44
44 44

4
444444444

4

4
44

4
44 444 44
4

4

4

4

4
444

44444
4

4

44
4
4

4444

4

44
4

4 4

4

4 4

4
4

4 44 44
4

4 4

4

4

4
4

4
44
4
4

4 4
4
444 4

4

44444
4

4 444 444
4
44

44

4

4

4

4
444 44

44 44
4

4
4

4444 444 444

4
4

4
4 444 4

4444
4

4 4

4

4
44 44 4444 4444 444 444 444444

4
4

4

44

4

44444 444
4

4
4 4

4
4

4

4

4

444 4
4

44 4
44

4 44 444
4

4

4

4444
4
4 4

4

4 44 4
4

44 44 444
44 44 444 44 44

4

4 44 44
4 44444

4
44

4

4
4

44 444
4
4

4

4
4 44
4

444444
4

4

4
4

44 4444

4

4 44
4

44

4

44444
4
4

4

44 4
4
4 4444
4

444 44
4

44

44
4

4
4 44 44444

4
4 4
4

444 44
4
4 4

4

44 44 44444
4

4
4 4

4444 4444
4

44
44

4
44

4

4 44 44 4
4

4
4

4
44
4

444
4

4 4444

4

4
4

4
4

4
444

4
4 44 444

4
44

4

4
4
4444
44

444
4
4

4
44

4

4

44 4
4
44 44

4

44 4
444 444
4

444
4
4 4

4

4
444 44 444
4

4
4

4

4
4

4
4

4 444
4

4

4

4 44
44 44

4

44
44 444 4
4

4
4

44

4

444
44

4
4

4

4
444444 44444 444

4 4
4

4

4 44

4

4
44 44

444
4

4 4

4

44
4

44 44 444 44 4
4
4
4 44444
4

44
4

444
44 4

4 4

44
4 4

44444

4
444444

4

44444 4
44 4
4
4

4

4444 44
44

4

44 444 44 44444 4
4

44
4

4

444444 44

4

4

4

4

4

4

4

44 444 44 444
4 44444

4
4444

4
4

4

44
4

444 4
4

444

4

44

4
4

4

4
444

4

4
4

44 44 444
4

4444
4
4 44

4
44
44 4

4

4

44

4

4
4

4 4444 44
4

44

4 444 4
4

4
4
44

4
4 4
4 444 44444

44
4

4
44

4
4 44
4 44 44 44444

4
444

4

44 444 4

4

4444

4

4 444 444

4

4
4

4
4444 44

4
4
4
444 4
4

4444
44444

4

444
4

4
4

44 444 44 4
4

4

44
4

4 44 4
4
4 4

4

4
4

4 44

44

44
44 444

4

44444 444 4

4
44

44
4444

4

44 44 44 44

4

4
4

4 44 44
4444 4

44 44

4

444
4444

4
4444 44

4 4

4

44 4444 4444
4
4444

4

4

4
4

444
444 4
4

4

4 44

4

4
4 44 4

4

4
4444 44
4

4

44
4
44 4

4

44
4

44 4
4

44 44
4

4 4

4
4 444
4 444

4
44 4444

4
4 44444 4

4
4 444 444 4

4

4
4
4 44 444

44

4

44444 444
4

4444
4

44
44

4

44 444
44

4 44
44

4
44 44

4
44
44

4

4
4444 4
4

44

4
4
4 444

4 44 4
4

4 4
4
444 4

4
4 44

4
4

4

4 4
4

4

44 4
4444 44 4
4

4

4

4

44 44
4

44
4
44

4

4 4
4
44

444 444

4

4444

4
44

4

4 44 444 4
4 44

4
4 4

4
4

4 4

4
444 4444

4

4

4 444
4

4444 4

4

4 444
4

44

4

444 444
44

4
4

4

4
4444 4444
4
444444 444

4 4 44 444
4

4

4
44 44

4
44

4
444

4444 444 4
4

44 4
44444
4
4

4 444

4

4

4

444 44 4444444 4444 44 444
4 4 444444

4

44

4

4
444

4

44
4

4

4
4
4

4 4

4 4

4

4

444
4

4

4

4
4

44 444
4
4 444 444

4
4

4 44
4

444

4 4

444

4

4 444
4

4

4 4444

4

44
4444

4
4

4

4444444 44 44
4

4 4
4

4

4444
44
44

44
4

44
4

4 4
4

4
4

4
4

4
4

4
4

4
4

4
4 44 44 44444

4

4
4

44 4
4

4

4

4

4444 4444

4

44 444

4
444444
4

44 4

4

4
4

4 4
4

44 44

4

4444 444
4

44 4
4

4

44 4
4

44 44 4
4

4

44

4

4
44 44444

44
44
4

444
4

44 44

4

4

4
4

44 4
4

44
4

4

4

44 444 4
4
4

4

4444 44 4444 444 4
4

4

4
444 444 44 444444444 44444444 44444

44
4

4

4444 444
4

44444 4
44

4

4
44444 4

4
44 4444

4
444 4
4

4
444 4444

4 4
44

4

4

4 44

4

44 44
4

4
4

444
4 4

4 4
4 44 4444 44

4

4

4

4

4

44

4
44 444

4

4

4

444 44
4
4 4

4

4

444
4

4
4
4

4

4
44

4
44444

4

4
4 4444

4
4

4 444 4
4 444

4
444

4
4 444

44
4
44 44
44

4

44 4
4

44 44 444 44
4
4

4
4

4

4 44

4

4

4
4 44 4

4

444
44

4

4

4
4

444 44

4

4

444
444 444444 4

4
4
44
4

4
4

44 44
4 4

44
4

4
4

4

4 44
4

44 4
4

4 444 44
4

4
44
4

4
4

444 4444

4

444444
4

44
4

4 444444 44
4
4
44 44444
444 4
4

4
44

4444
4 444444444

44
44 444 4

4

44
4

44

4

444 44444
4
44

444444 44 4
4
4

4
4 444

4

44
4

4

44
4

4 444

4

44
444 44

4

4

4

4

4
44444444 4

4
4 44 4

4444
4

4 4
4
44

44

4444

4

4 4
444 444

44 4
4 444 444 44 44444

4

44 44 4
44 444
4

44 44 44 44444
4

4
4

4

4

4

444
4

4 44
4
444
4

4

4
444444

4
444 44 44 44 44 4

4

4
4

4

4 4
4

4
4

4

4

44444
4

444 44444 44
4

4 44
4
44444
4

444
44 44
4

4 4
4

4
4444

4
4

4
4 4

4

4 444 444 444
4

4

4

4
4

4

44 44
4

4 4
4

4
4

4
4

4

44 44

4

4

4

4
4444

4

444 44444 4444 4

4

4 4
4
4

4

444
4444 44 4

4
44

4
44 4

4

4

4

4
4 44444 44

4

4

444

4

44

4

44

4

44

4

444 4444 444
4

4

4

4

4 444 44
4

444

4

44444444

4

44 4444 44
4

4

444
4

4
4

44
4

4 4444 44444 44
4

4
444

4

4
4
44

4
44

4
44

4
44 4

4

4
444 4

4
444444

4

4 4
4
4 4

4
4

4

444 444
4

4
4

4

44
4

44 4444
4
444 4
4

4

4
4

4
4 44 44

4

4
4 4

4

4444
4
4 44 4 4

44
444

4

4

4 44

4

4
4

44 44 444
4

4
4

44
4

44
4
4444444

4
4

44 4

4

44
4
4 444

4
4 444

4 4 4

4

4
4

4 44

4
444

4
44 44
4

4

44
4

4
4

4

4 444

4

4

44 4
4
44444 4

4

44444

4

4444

4

4

4

4

4

4 444 4
44

4
4 4

4
4

4
4

4

44
4

4 44
4

4
4

4 4
4
4 44444 4
4

44 4
4

4

4

4

4 4

4

4
4

4444
44

4

4
44444 4444

4
444 4
4

4 444 44
4
44444 4

4

4 444 4444 44
4

44

4

4 4
4

4 444 44

4

4
4

4

4
44444

4

4 4

4

44
4 4

4 4

4

44
4

44 44
4

4

444 44
4

4 4

4

4 4444444
4
4444

444

4
44 444

4

44 44 4
4

44
4 4444 4

4

4
4
4
44

4

444

4

4
4

4

4

44

44 4444
4

4
4

4

4
44 444 4

4
4

4
44

4

44 444

4

4 4444

4

4 4

4

44
4 4444

4

4 44 444
4

4444 4
4

4 444
44

4

4

4
4

4 4444

4

4

4444 44
44

444 44 4

4

44
4 4

4 4
4

4
444

44
4

4
44444 44

4 444

4

444444

4
44 44444444
4

4 444 44 4

4

4

4 4
4

444 44 4

4

4
4
44 4

44
444 4

444

4

4

4
444 4444 44444 44
4

4

444 4
4

44 44

4

4
44 44
4

4 44 444444444
4

4 4
4
4 44444

4

444
4 4

4 44
4

44

4
4 44
4

44

4

4

4

44
4444 44

4
444 4

4
4

4
4 44 4

4
44 444 444 4

4

4

44
4

444 4
4

44 4

4
44
44

4 44444 44

4

4 44 4

4

44
444 44 44

4

4

444 4

4

44 4
44

444 4

4

44
4

4
4

444
4

4

4

4
44444

4

4
4 444 444444

4
4

4 44 4444
44

4

4 44444

4

44 4444
4

44
4

4 4
4

44 4 44 4444

4

44 4
4

44 4
4

4444
4

44

4

4
44 44444 4

4

4
44

4 44444

4

4
4
4
44 44 444444 44
4

4 4
4

4
4

4 4444 444 4
4

4
4

4

4
4

4
4
4

4

444 444 44 444
4

44
4

4444
4

444444 4
4
4

4

4
444

4

4
4

4 4

444
444 4

4
4
44

4
4

4

4

4 44
4 4 4444 444
4 44

4

4
444 4444 444 4444
4
4

4
444 4

4

44444 4
4

4 444
4
444 44

4
44 44 4444444

4

4

4

44 444444 44

4

44
4

4

4
4

4

44
444

4
44

4

44
4

4

4

4 4

4

4 4
44

4

4444 44 4
4

4444 444

4

444
44

444 4444

4

4444 44 4444
4

44 444444 4
4

4
444 444
4

4

4
44
4
444

4
4

4
44

4
4

4

4
4
44 4444 4

4
444 444
444 4
444 444

4

4

4

4
44

444

4

4 44
4444 4

4 4444 444 444

4

44

4

44
4
444
4

44
4

4 44 444 4
4

4 444444
4

4

4 4 4444 44
4

4 44 44

4

44

4

44
44

44 444 4
4
4
4
4

4

44

4

4

4
4

4

4

444
4

44
4444 4444 44
4
444

4

4
4

4 44
4

4 444
4

4
4 444 4

4

444
44

4
44

4

4 44 44 44
4

4
4
44 4

4

444 4
4

4
44 44
4
4444 444

4

44
4

4
44

4
44 4

4
4

4
4 4

4
444 4444 44444

4
4
44444

4
444 444

4
4 44 44 44

4
4 44
4 4

4
444444
4

4

44
4

44
444 4

4

44 444
4
44

4

444 44
4

4
4

4
4

4

4

4 44
4
4444

4

4 44 44 444 44
44 444 44

4

44
4

44
44 4
4
4

44 44
4
4
4
4

4
44 44
4
4 444

4

444 4

4

4

4

44

4

444

4

44444 444 4

4

4
4

4 444 44
44

4 44
4 44

4
444

4

44
4

4

4
44

4

4
4
4 44

4
4 4

4

4

4
4

44 44

4

4

4

44

4

44

4

44 4444 44
4444 444 4

4
4 4

4 4
444

44
44

4
4
4

4 4
4 4 44

4 4
444 44
4
44444

4

4
444
4

4

4
4

4

44 4
4

4
4444 444 4444

4

444 444 44

4

4444 44 4
44

4
4 4

4

444
4

4444
4

4

4

4 444
44 4

44 4
4
4

4 44 4

4

4 4
4444 44

4
4

44
4
44

4

4

4
4

4

44

444 4
4

444 44 444
4

444

4

44
4

4

4

44 44 44 44444
444

4
44 4444
4 44

44

4
4
4
44 44 44

4
4
4 4

4
4

4

4
444
4

4

4 444 4444 4444
4 444 44

4

4 444

4

4444444
4

4
4

4

4
44

44 4444 444

4

4
444 44

4
44

44
4

4

4

4
4

4

4444 4

4

4

4

444444
4

4
4
44

4

4
44

44 44

4

4 44 444
4

4

4

4 444 4
444 4

4
4

4

4

4

44 4
4
44

4

4

4

4
4
4

4
4
444

4

444
444
4

4 4
4444
44

4
44 44
444444 4

4

4

4

4
4
4

4

44 44
4

4

4
4

444 4
4
4 4444

4

44 4444 4

4

4
4 444

44

4
4
444 444

4
4

444 444444 44
44 4

4
4 44444 4

4
44

4

4
4
4

4

4444

4

44 44
4
4

4
4444

4
4

44 44
4
4 444444

4

4

4

4

4
4 444
4

4444 44

4
44

4

44
4

4
4

4
4

4

4

4 444444 444
4

44
444 4444 4

4
444
4

4 4
4

44 4444

4

4
444 44

4
44

4
444

4
44444 444

4

444

4

4
4

4

4 44 444444
4

4

44

4

44 44 444
4

4
44

4

4
44

444 444 444444
4

4

4 4444 444444 44 4444
4

444
4 4

4 44 444

4

44
4 444

4
44444 44
44 444 44
44

4
44

4
4 44444

4

4 4
44

444 44 44 4

4
4

4
4444

4

44

4

44444 444 44
4
444
4
4

4 4 444
4 4444

4
4

444 4
4

444 4444

4

44 444
4
44 444444 4444

4

4
44
4
44

4
4

4

44444

4
44 44
4

4

4
4

4

44 44
44 4
4444 44444 44

44

4
44

4

4
4

4

4

4
4

4
4444

4
4444 444 44444 4
4
4 44

4

4

4 444

4

44 44
44
44 4

4

444
4

4
4

44 44
4
4444

4

4
44

44 4
4

4

4

4 444444

4

4 444 444 4
4
4
4

4
4

4
4

4
4 4

4

4
4444

4 4
44

4

4
4 44 444

444

4

4
4

4
4
44

4
4
44

4
44
4

4

4
4

444
4
4

4 4

4

44444

4

4
4

44
44

44 4444
4

44 444

4

4
4

44
4

444

4
44 4

4
4 44 4444
4 444 4

4
44 4

4

4
4

4 444 4
4

44444 4
4 4

4 4
4444

4 4
4
4
444 4

4

4 4
4

4 444 4
4

4
4 444444

4

444 44
4

44

4

44 444 4
4

4 4
4

4 44
444 444 44444 444 444
4444

44 4

4

4
4

4444
44

4
4

4
4

4
4
44

4
444

4
44 444

4

4
4444 44 4

4 44 444 44

4

444 4
444

4

4
44 444 44 4

4
444 44

4
4

4

4 4

44 4
4
444 44 444
4
444 444 44

4

4
4

4 44 44444 444
4

4

44
4

44 444444
4

4 4

4

4
4

4 44
444

4
4
4

4

44444
4 444

4

4 44

4

4
444

4

44

4

4
4 4

444 44 4444 4444
4

444 444 44 444
4
4
4
4

4

444
4

444
4

4 44
4

4

4
4
444 44

4

4 4

4

44 4
4

4
4

444 4 4

4

4 444 444
4

4 44

44

4
4

4
444 44

4

444
44

4
44444
4
444

4

4
4444 44

4 444
4
4

4

4 44444
4

444 4
4
4

444444 44
4

4
4 4444 44
4
4

4

44444

4
4 4
4

4 444444
4

4

4
4

4
4

4

4 44444
4

4 444
4

4 44
4

4

4

4

4

444
44 444

44444
44

4
4

444 44444

44

44 444 4
44

4

4
44 4

4

4
4

44
4

44 4
4

4
4

44 444
4

444444 44
4444 444

4
44 4

4

4
4
4

4 44

4

44
44 44 44 444 444 4
4

44 4444 444 44

4

44 444

44

4

4

4

4
44

4

4

444
4
4 4444 4
4
4

4
44
4

44
44 44

4
4

4
44

4

444

4

4
4 4

4
444

4

4

4
44 4

4

4
4

44

4

44

4
4

444 444
4

4 44
444 4
4
4444 444
44

444
44

4

4
4
4

4
4

4 444 444 44 44 4444

44

444

4

4
44
4

4 44
4
4444 4444

4
44 44 44444

444
4

4

444
4
4

44
44

4
4

4
44

4
44

4
4444444

4
4

44

4 44
444

4

444 44
4

4
4444 4444 4

4
4

4

4

4
4
4

4
4

4
4

4

444444
4
444 44

4 4
444
44

44
4

4
4

4

4

4

4
4

4444
4 4

4
4

4

44

4

44 44
4

4 4
4 4

4
44 44

4

4 4444 444 444 44 44 4
4

4

4
4
4

4
4 44 44 44

4
4
44

4
4

4
444444 444 444 4

4

4 4
44

4

4444 44 4
4

4

4
4 44 4
44

4
4

444

4

4 4

4

44
4

4 444 444 44 4
4

4

4

44
4
444
44
4
44 4

4
4

4
4
44444 444 4

444 44

4

4444 444 44

4

4 4
4

44

4

444

4

4 444
4 444 44 44
4
4444
4 4

44
4 444 44 4

44

4 444444
4
44
4

4

4 44444 444 4

4
4

4

4

4

4

44444
4

444 4

4

44
44444444 44 44444 44 44444

4

4 444
444 4444 444 4444
4

4

44
4

4
4

4

4 44
4 44

4
4 444

4
44 44 444 44

4

4
4

44
4

4

4

4
4

4
44 4
44

44 4444 4444 44

4

444 44
4

444
44

4444

4

4444
4

444

4

44

4

44
4

444

4

44 44
4 4

4
4444 4

4
4 44
4
4

4 4
4
44 444 4
44
44

4

4 444

4

4

4

4
4

4444
4 444

4

44
444
44

4
4
4

4 4

4

444
444 4

4

4 44
44 4

44

4

4
44

4

4 4444 4

4

4
4

4

4

4
444 444 4

4

44 444 4
44 444 44
4

4

4
4
44 44 4

4

4

4

44 4444
4

44
444

4

4

44

4444

4

44
4
44
4
44

4 4444444 44444 444

4

4444 444 444
44
4 444 44 4444

4

4

44
4
44
4
4

4

4 44

4

44 444 4

4

4 44 4444 444444 44 44

4

4

4 44444
4

44444 4
4

44
4

4 4 4

4
4

4
44 444 4

4

4

4

4

4 444
4

4 4

4
44
4

4
44 44

4

4444 444 44 444 4
44

4
4
4
4444 44 4
4 44

4

44444
44 444

44
4

4 44

4

4

4

4 44

4

4
4

4444 444 44
44 44 4
44

4

4

4
4
4 444

4
4 4444 4

4

4
4

4444
4
4
4
4 44444444 44

4

4 4

4

4
4

444
444

4

444 44 44 444
4 4

4
4444 44

4
44

4

4
4
4 44
4
4 44 44 4

4

44
44

4
44

4 44
44
4

4 4444 444 44

4

4
44 444
4

4 444 4444 444 4444
4
4 4

4

444 444 44444 4
4

4 44
4

4

4

4
4444 44 444

4
4

4

44 444
4

4

44
4

4

4

4 4444 444
4
4444 44

4444 44 44
4 4

4

4
4 4
4 4

4

4

4 44
4

4
4 4

4

4

4

4
4

4

44
4444444

4
444

4
4

4
44 4
444 4

4

44
4
4 44

4
444 444

4

4 4
4

44 4
4

44 4

4

4

4

4 4
4

44 4444444
4 4

4
44 4 4

4
4 44
4 4444

44444 4

4

444 4
4

4

4

44
4

44 44
4

4 444

44

4444
4444444

4

44

4

4444
4

4 444444444
444 4

4

4

4

44 44
4

4

44 4
4 4444 444

444444 4444

4
4

444

4

44 444
4

4
4
4

4
4444 444444

4

4

4

44 44

4

4 4
4

4
4444

4

44
4

4 44444444

4

4

4
44 4

4

444 4
4

4 4
4

4

4444

4

44

4
4 4

4
444444
4

4

4
4 4

4444
4

4

4 444

4

44 44

4

4
4

4

44 44 44 44 4
4

44 44
4

4
4 4

4

4444
4

4

444 44444
4
4 4

4
4

4
4

4 444 444 4

4

4444 4

4

44444 4

4

4444 44444444
4

444 444

4

44

44

4
4444 4

4

44 4
4

4
4

4
4

4

4

4
4

444

4

4 44444 444
4

44 4
444

4

4444
4 4 4

4

44 4
4

444
4

4

4

4
4

4

4

4444 444 444 44
4

4

44
444 44
4 444

4
4

4

4
4

44 4

4

4

444

4

4
4

4 44 444 4

4

4

4
44

4
4

4
44

4 4444
4444 4444

4

44 444 44
44
44
44

4
4444444 444 4
4

4
44 4

4

4
4
44
4

44 4444 4
4

4 444

4

4 44 444444
4

4

444
4

4 4

4

4 44 4444 4
4 4

4
44444 4444 4

4

44
444 44
44

4

4 44

4

4
4 4

4

4

4444 44
44
4

4
4444 44
4

4 444 44444
4
44

4 44
44 44

4

444 4
4

4

4

4 444 44 4444

4

44
4

4
4 4
4

4

44 4

4

4444

4

44444
4

4
4

4 44 444
4

4

4

4
4 4

444 44 4

4

4
44
44

4
44

44
4

4

4

4
444 4 4444 444

44
4

444
4

4
44 44
44

4
4

44

4

44
4444 44
44
444 4
44
444 44

4

4

44
4

44
444 44

4

4
44

4 4
4

4 44

4

4

4

44
444 4
44
4 44 4

4
4 44

4

4
44
4
4 44444
4

4

4 444444
4
44444 44444

4

4 4444
444

4
4

4
4

4 444 4
4

4 44

4

44 4

4

4

4

4

4
44
4 44 4444

4

4

4 44
4

4 44
4

44
4

4
4

4

444 444
4
4 4

4
44
4

44
44 4

4 44
44

44
444 4
4

44 44444 4444 444 444 44
4

4444

4

4
4

4 4
4
44

4

4

4
4

4
4

444
4 44 44

4
44 4

4

44 44 4444 44 4444 4
4

4

444

4
4 44
4

44
4 4

4
44 4

4
4 444 4

4

444 4
4

4

4
44

4
444444 4

4
4

4
44 4444
4
4 4

4

44

4
4
44 4

4
44

4

4 44

4

44

4

4 44
444

4

44 44
4

4
44 44

4

4 44444 444 44

4
4
4
444 44 4

4

4

44 4
4

4

4

444

4

44

4

4

4
444
4
4 4

4

4 4
4

4 4444 44
444 4

44 444444 44
4

4

4 44
4
44

4
4 44 44 44444 444

4
4 44

4

4

4

4

4

4 4444
44

4 44

4

44
4

4 4444 4
44 44

4

4

44444 444 44 444 44
4
44

4
4 4

4
4

4 44
4

4

4

4

4
4

4 4
4

4
4

4
44
4444 44 4

4
444
444

4

4
4 444 44

4
4

4

4
4444

4
444 4

4

4
4
4444

4
44 444 44

4
4

44 44
4
44 4
4

4444
4

4
4

4

4
4 44

4 444
4444
4

4
444 4

44
4 444 4

4

4
4

4
44

4
4
4 44 44

4

44
4

444
4
44

4

4 4

4

4

444

4

44
4

444

4
444
4444444 4
4
444 4

4

4 4

4

4

444444 44 44
4

4

4

4

4
444 4

4

4

4
44
4
44

4

4
4
4

4

4
444

4
4 4 4

4
44 4

4

4444 44
4
44 444

4 44
4

44
4

4
4

44 444
4
4
444

4

4444 44 4444 4
4
444444 444 444 4

4

4

4

4
4

444 4
4 4

44 444
4

44 44 4444 44
4

4

4
4 44 444

4
4

4
4

4

4
4

4
4
4

4 444 44
4

4

444
4

4

4 44

4

4 4
4

4

4

4444
4

44 44 4

4
444 444444

4

4 444 444 44444

4

444
4

4

4

4
44

4

44
44
4
44 444 444

4

4

4
4

4

4

44444 44
4

444 4
4
444

4

44
4 4 44

4
4

444

4
44

4

444
4

44 44444

44

44
4

444

4

4 4
4

4

4 44
4 44

44 4
4

44
4

44

4

44
4

4
444
4

4 4
44 444 444
4

444
44

4

4 44
4

44

4

4
4 4444

4
444

4
44 44

4
4444

4

4
444 4

4 44

4

44 4

44
4

4

444 4
4
4444

4 4
44
44

4

4

44 44

4
444 44 4

4

44 444
4 4
4 44

4 4
4444 444 4

4
44

4

4

4

4 4
4

44 4

4

4
44

4

4444
4

4

4 4444

4

4

444
44
4

4
4

4
4

4

4 4444444

4

4
4444 4

4

44444

4

4

4

4 444 44

4

4
4

44 44

4

4

4 44 44444 4444 444 4
44 4
4

444 44

4

4

4 44 44 4
4

4
4444 4

4

4

44 4

4

4
4

4

4 44

4

4444
4 444444 4

4 44
44
4444

4
4

4
4

4

4
4

4

4

4444
4

44
4 4

4
44 444 44

4
4

4

4

4

4

4
444 44

4

4
44

4
44 44 444444 4

444 444

4
4
4

4
44

4
4 4444

4

4
4 4444444 4

4

44 44

4

444 4
4
444 4

4
44

4

4444
4 44 44
4
4 44 4 4

44
4

4 4
4

4 44 4
4

4

44 44 4

4

4 4
44
44 44

4
44 4444 44

4444
4

444 4
4
4

4
44 44

44444
4
44

4 4
444 44444
444 44

4
444 4
4

44
4
44
4

4
4
44
44
444 4

4

44 444
4

44 444 444 4
4

4

444
4

44

44

4

4

4

444
4

44
4444

4

4
44444444 4

4
44

4

444 444 44
4

4

4

4
44 4

4

44

4

44 4
4 4444

4

4444444 44
4
4

4

4
4

4
44

4
44
444

4 444
4

4
4

4

4444 444

4

4

4

444 4
4

4

444
4

4
4 444

4
444 4

4

4 4
4 44

4
444
4

444
4

444 4

4

4
444

4
4 4

4444444
4

44

4

4
4

44
4

4
4

4444
4 44444

4

44444
4

4
4 4

4 444

4

44 4
44

4

44
4

4

4

4444 44 444 4
4

44 44
4
4
444

4

4

4
4 44 44444 4

4

4
4 4

4
4

4

4
4

4

4 44
4
44

4444 44 444
4

4

4

44 44

4

444 44
4

44

4

44 44
4

4

4

4
4 4
4
4

44

4

44

4

44
4

4

44 44 4
4

4 444 444
4
4 4

4 4

4

4
4

4
4

44 4
44 44 4

4

4444 4444
4

4

4 44
4

44

4
4 4

44444 4

4

44444 4
4

4 4444

4

4 4
4

4

4 4
4

44444
44 4

4
44

44
4

4

444 444444 4

4

4

4

4444 4
4

44
4
444
4

4

4
4
4

4
4
4
4

4 4
4 44

4

4
4

4
444

4
4

4
4
4
444

44
4

4

4

4
4

44
4

4
4

4

4
4

4
44444

4
4 44

4 4
4
4

4
4

44 44444 44444
44
444 44 4

4

4
4
44 44 4
4 444 44 44444

4 4
44

4

444 4
4

444 44
4

4

4

44444 44
4
4

4
4

4

4 4444
4
44

4
4

4

44 4444 44 444444 444

4

4
44

4

4
444

4
44444 444 44 444444 44 44 4

4

4
4
4

44 4
4

44

4

4 444
4 4

4

44 4444
4

444 44
4

44

4

444
4

4
4

4

4

4444

4

4444 4
4

44 4444

4

4 4
44

4

4
4
44 44

4
44

4 44 4444444 444
4 44

4
444 44 4

4

444 4
4

4 4
4

4
4

444
4

44 44 4

4
4 4444

4

4
444444

4
4

4

444
4

4

4

4444

4
444

4

4

444444 44 444 444 44 44
4

4

4

4
4

444

4

44 44444

4

4

4

44444 4444 44

4

4
4
444
4

4
4

44

4

44

444

4

4

4
4

4

4

44 444
4 44

4

44 44 444

44

44 44 44 4

4

44444444
4444

44

4
4

4

4 44
4

4 44

4

4

4

4 44 4
4 4 44 4 4
4
4444 44

4
4

44
4
4

4
4
4

4
4

444

4

4

4
4
4

4
4444

4

4

4

4

444
44 4

4

4
444 4
4

4
444 444
44

4
4444 44 444 4

44

4
4

4
444 44

4 44 4

4

4444 4
4

44 44
4 4444

4

4
44 4

4

444 444

4

444 4444
444444 444

4

4

4

444
4

4

4

4

4

44 44444 444
4

4

444 444444 4

4
44 444 444
4 44
44

4
4

4

4

4
44 44

4
4

4 44
4
4
44

4

4

44 44 44
4

44

4

44

4

4

4

4 44 44 444 44 4
4 444 44

4

4

4

44 44444
4

4 4

4

4
4

44
4

4444
4 4

4
4

4

44
4

44444
4

44
4

4 444

4

44 44

4

4
4 4

4 44 44 44
4

4 4
4

4
4 4

4
4

444
4
4

4

4
4 4 44

4 4
44 44 4

4
4444

4

44

4

4

4

4 44 44
4

444 44
4 444

4
4

4

4
4

4

444

4

4 4

4
4 44

4 4

4 4
4 44

4

4
4

4444
4

4 4444 4444 4
4444
4

4

4

4

4
4
44

4

4
44
4

444 4
4

4

4

44 444 44

4

444 4

4

444 4
4444 444
4

4
4
4 4
4

4
44

4 444
44 4

4
4 444 4

4 4

4

44 44 44 4
4

44
4

4

4 4444 4
4

44
4

44
4
4

444
4 444 444 44

444
4

4444 44 44 44

4

4
4444 4

4

44 4444 4444 444 4
4
44 444

4
44 4
4 4
444 444 4

4
44
44 444 4

4

4 44
4
444 444

4

4
4

4

4

444 444 4
4

44 4

4
44 44

4
4 44

444
4 44
4 444 4

44

444
4
4444 444 4444 4

4
44

4
4

4 44

4

444
4
44 4
4

4

4 44
4

4
4444

4
44

4
44 44
4

4
444
4

4

4
44

4 44

4

4

4
4

44 44

4

44
4

4

4

4

4
4 44

4

44

4

4

4 4

4

4

4
44 44

4 4 444
4

44
4

44

4
4
44
4

4
4 444

44
4
4444
44

4

4
44 4444 4

4
4

4

44
44

44
4444 44
4
4

44
4

4

4
44 44 4
4 44

4
4

4444 4444

4

44 444 44 4444
4

4444 44444

4

4
4 44

444

4
444 4444
4

4

55
5

55
5 555
5

555

5

5
55 55

5
555 55 5

5 5 555
5
55
55 5555 55

5

5
5 5

5

5 55555

55

5 5
5

5 55
5

55
5
55555 555

5

55 55 5
5

5

55 555
55

5555 55
5

5 5
5
55
5

5

5 55
5
55 555 5

5

5555
5

555 55 5555 55555 5
5

555

5

5

5

55 55 55 555 55
5

5

5555 55

5

55
555 55

5
555 5

5

55
5
555 5555

5

5 5
5

55
5

555 55 5
55

5
5 5555

5
55

5
555

55 55
55 55

5

555555 55
5

555
55 5

5 55 55555 5

5

5 555 5555 55
5

555 555 55 55 55
5 5555555

55555 55 55
5

5

5
5

555 5555
5

5 55555
5 5555 5555

5
555 55

55 5

5

5

55 55
5
5
55

55 555
5

555
5

55

5

5 5
5

5 55
5

5

5

5 555
5

55 555
55555 5

5

55 5
5

5

5 55

5

5 555

5

5
55 55 555
55

5

5

5
5

555
5

5 555

5

55

5
5

5
5555 55 555 555555
5

5
5 55 555 5

5
5 55 55
5 55

5
55555

5 5
55

5

555
5

5
55 5
555

55
555 555

5

5
55
555 555 5555

5
55 555555

5
5
55
5

5 55 5

5
55
55555 5

5

55 55
5 5

5

55
55555 555

55
55 55

5555555555
5

5
55

5 55 555 55
5

5

5

5

5
555

5
5555

5

5
5
55

5
5555

5

55
55 5

5

5 5

5
5

555 55
5 5 5

5

5

5
5

5
5 5

555 55555 5
5

55555
5

5 555 555

5
55 55

5

5

5

5
555 55

55
55
5

5
5

5555 555 555

5
5

5
5 555 5

5555
5

5 5

5

5
55 55 5555 5555 555 555 55555555

5

55

5

55555 555
5

555
5

5

5

5

5

555 5
5

55 5
555 55 555
55

5

5555
55 5

5

5 55 5
5

55 55 555
55 55 555 55

55
5

5 55 5
5
5 55555

5
5

5

5

5
5

55 555
5
5

5

5
5 55
5

555555
5

5

5
555 5555

5

5 55
5

55

5

55555 55

5

55 555 55555 55 555

55

55
5

55 55 55555
5

5 5
5

555 55
5
5 5

5
55 55 55555

55
5

5
5555 5555
5

55
55

5
5555 55 55 5

5

5
5

5 55
5

555
5

5 5555

5

55

5
5

5
555

5
5 55 555

5
55

5

5
55555
55

555
55

5
55

5

5

55 5
5
55 55

5

55 5555 555
5

555
55 55

5
555 55 555
5

5
5

5

5
5

5
5

5 555
5

5
5

5 55
55 55

5

55
55 555 5
5

5
5

55

5

555
55

5
5

5

5
555555 55555 555

5 5
5

5

5 55

5

555 55
555

5
5 5

5

55
5

55 55 555 55 5
5
5
5 55555
5 555 555 55 5

5 5

555 5
55555

5
555555

5

55555 5
5

5

5 555
5

5

5

55 55
55

5

55 555 55 55555 5
5

55
5

5

555555 55

5

5

5

5

5

5

5

55 555 55 555
5 55555 55555

5
5

5

55
5

555 55 555

5

55

5
5

5

5 555
5

5
5

55 55 555
5

5555

5

5 55

5
55
55 5

5

5

55

5

5
5

5 5555 555

55

5

5

55 5
5

5
5555

5 5

5

5 555 55555
55
5

5
5555 55

5 55 55 55555
5

555

5

55 555 5

5

5555

5

5 555 555

5

5
5

5
5555 55

5
5
5555 55 5555

5

5

555

5

555 5
5

5
55 555 55 55

5

55
5

5 55 55
5 5

5

5
5

5 55

5

5
55

55 555

5

55555 555 5

5
5555 5555

5

55 55 55 55

5

5 5
5 55 55
5555 555 55

5

555 555

5

5
5

5555 55
5 5

5

55 5555 5555 55555

5

5

5

5

555
555 55

5

5 55

5

5
5 55 5

5

5
5555 55
5

5

55555 5
5

55
5

55 5
5 55 55

5
5 5

5
5 555
5 555

5
55 5555

5
5 55555 5

5
5 555 555 5

5

55
5 55 555 55

5

55555

5

55
5

5555
5

55 55

5

55 55

5

555 55
55

5
55 55

5
55
55

5

5
5555 5
5

55

55

5 555
5 55 555 5

5555 5
5

55 5
5

5

5

5 5
5

5

55 5
5555 55 5
5

5

5

5

55 55
555 5

55
5

5 5555 555 555

5

5555

5

55

5

5 55 555 5
5 55

5
5 5

5
55 5

5
555 55555

5

5 555
5 5555 5

5

5 555
5 55

5

555 555
55

5
5

5
5
5555 5555
5555555 555

5
5 55 555
5

5

5
55 55

555
5

555
5555 555 5

5

55 5
55555
555 555

5

5

5

555 55 5555555 5555 55 555
5 5 555555
5

55

5

5 555

5

55
5

5

5
5
5

5 5

5 5

5

5

555
5

5

5

55
55 555
55

555 555
55

5 55
5

555

5 5

555

5

5 555
5 55 5555

5

555555
5

5

5

5555555 55 55
5

5
55

5

555555
55 55
5 55

5
5 5

5

5
5

5
5

55 5
5

5
5

5
5 55 55 55555

5

5
5

55 55

5

5 5555 5555

5

55 555

5
555555
5

55
55

5

5
5

5 5
5

55 55

5

5555 555
5

55 55555 5
5

55 55 55

5

55

5

5
55 55555

55
55
5

555
5

55 55

5

5

55 55 5
5 55

5
5

5

55 555 555

5

5555 55 5555 555 5
5

5

5
555 555 55 555555555 55555555 55555

55 5

5

5555 555
5

55555 5
55

5

5
55555 5555 5555
5
555 55

5 555 5555
5 5

55
5

5

5 55

5

55 55
5

5
5

555
5

55 5
5 55 5555 55

5

5

5

5

5

55
5

55 555

5

5

5

55

5

5 55
5
5 5

5

5

555
5

5
5
5

5

555
5

55555

5

5
5 5555

5
55 555 55 555 5555

5
5 555 55 555 55

55
5

55 5
5

55 5555 555 5555
5

5 55

5

5

5
5 55 5

5
555
55

5

5

5
5

555 55

5

5

555
555 555555 5

5

5
55 5

5
555 55

5 555
555

5

5 55
5

55 5
5

5 555 55
5

5
55
5

5
5

555 5555

5

555555
5

55
5

5 555555 55
5
5
55 55555
555 5
5

5
55

5555
5 5
55555555

55
55 55 55 5

5

55
5

55

5

555 55555
5

55
555555 55 5
555

5 555

5

55
5

5

55
5

5 555

5

55
555 55

5

5

5

5

5 55555555 5
5
5 55 5

5555 5
5 5555

55

5555

5

5 5
555 555

55 5
5 555 555 55 55555

5

55 55 5
55 555
5

5

5

5 55 55 55555
5

5
5

5

5

5

555
55 55

5555
5

5

5
555555

5
555 55 55 55 55 5

5

5
5

5

5 555
5

5

5

55555
5555 55555 55

5
5 55

555555
5555
55 55
5

5 5
5

5
5 55

5
5

5

5
5 5

5

5 555 555 555
5

5

5

5
5

5

55 55
5

5 5
5

5
5

5
5

5

55 55

5

5

5

5
5555

5

555 55555 5555 5

5

5 555

5

555
5555 55 5

5
55

5
55 5

5

5

5

5
5 55555 55 5

5

555

5

55

5

5555

5

555 5555 555
5

5

5

5

5 555 55
5

555

5

55555555

5

55 5555 55
5

5

555
5

5
5

55 5
5 5555 55555 55

5

5
555

5

5

5
55

5
55

5
555
55 5

5
5

555 5

5
555555

5

5 5
5
5 5

5
5

5

555 5555 55

5

5
55
55 5555 5555 5
5

5

5
5

5
5 55 55

5

5 5 5

5

555555 55 5 5
55 555

5

5

5 55
5

55 55 55 555
5 55 55
5

55
5
5555555

5
5

55 5

5

5555 555
55 5

55
5

5 5

5

5
55 55
5
555

5
55 55
5

5

5 55 55

5

5 555

5

5

55 5555555 5

5

55555

5

5555

5

5

5

5

5

5 555 555
5

5 5
5

5
5

5

5

55
5 5 555 555 55

5 55555 55
55 5

5

5

55 5

5

5
5

5555
55

5
5

55555 5555
5

555 555 555 55 555555 5
5
5 555 5555 55
5 55

5

5 5
5

5 555 55

5

5
5

5

5 55555
5

5 5

5

55
5

55 5

5

55
5

55 55
5

5

555 5555 5

5

5 5555555
5
5555

555

5
55 555

5

55 55 55 55
5 5555 5

5

5
5
5
55

5

555

5

55

5

5

55

55 5555
5

5
5

5

5
55 555 5

5 5
5

55

5

55 555
5

5 5555

5

5 5

5

555 5555

5

5 55 5555 5555 5
5

5 555
55

5

5

5
5

5 5555

5

5

5555 55
5

5555 55 5

5

55
5

55 5
5

5
555 55

5
5 55555 55

5 555

5

555555

5
55 55555555
5

5 555 55 5

5

5

5 5
5

555 55 5

5

5
555 555555 5555

5

5

5555 5555 55555 555

5

5555
5

55 55

5

5 55
55

5
5 55 555555555 55 5
5

5

55555

5
555

5 5
5 55

5
55

5
5 55
5 55

5

5

5

55
5555 55

5
555 5

5
5

5
5 55 5

5
55 555555 55

5

55
5

555 5
5

55 5
5

5555
5 55555 55

5

5 55 5

5

55555 55 555

5
555 5

5

55 5

55

555 5

5

55
5

5
5

55555

5

5
55555

5

5
5 555 555555

5
55 55 5555

55
5

5 55555

5

55 5555
5

55

5

5 5
5

55 5 55 55
55

5

55 5
5

55 555555
5

55

5

5
55 55555 5

5

5
555 55555

5

5
5555 55 555555 55
55 555

5
5 5555 555 5

5
5

5

5

5
5

55
5

5

555 555 55 555
5

55
5

55555
555555 555

5

5555

5

5
5

5 5

5555
55 5

5
5555

5

5

5

5 55
5 5 5555 555
5 55

5

5 555 5555 555 5555
5
5

5
555 5

5

55555 5
5

5 5555555 55
5
55 55 5555555

5

5

5

55 555555 55

5

5555

5
5

5

55
555

5
55

5

55

5

5

5

5 5

5

5 555

5

5555 55 5
5

5555 555

5

555
55 555 5555

5

5555 55 5555
5

55 555555 5
5

5
555 555
5

5

5
55
5
555 5

5
555

55
5

5 555 5555 5
5

555 555
555 5
555 555

5

5

5

5
55

555
5

5 55 5

5

555 5
5 5555 555 555

5

55

5
55

5
555
5

55
5

5 55 555 5
5

5

5

55555
5

5

5 5 5555 55
5

5 55 55

5

55

5

55
55

55 555 55
5
5
5

5

55

5

5

5
5

5

5

555
5

55
5555 5555 55
5555

5

5
5

5 55 55 555
5

55 555 5

5

555
555 55

5

5 55 55 55
5

5 555 5

5

555 5
5

5
55 5555555 555

5

55
5

5
55

5
55 555

5
5 5

5
555 5555 55555

5 555555
5

555 55555 55 55 5555 55
5 5

5
555555 5

5

55
5

55
555 5

5

55 555
555

5

555 55
5 5
5

5
5

5

5

5 55
5
55 55

5

5 55 55 555 55
55 555 55

5

55
5

55
55 55
5 55 555555

5 55
555

5

555

5

555 5

5

5

5
55

5

555

5

55555 555 5

5

5

5

5 555 555
5

5 55
5 555 555

5

55
5

5

5 55

5

5
5
5 55

5

5 55

5

5
5

55 55

5

5

5

55

5

55

5

55 5555 55
5555 555 55

5 5
5 5 555
55

55 5
5
5

5 5
5 5 55

5 5
555 55
5
55555

5

5
555
5

5

5 5

5

55 5
5

5
5

5

55 555 5555
5

555 555 55

5

5555 55 555
5

5 5

5

555
55555

5
5

5

5 555
55 5

55 5
555 55 5

5

5 5
5555 55 5

5
55 555

5

5

55
5

55

555 5
5

555 55 555
5

555

5

55
5

5

5

55 55
55 555 5

5
555

5
55 5555
5 55

55

5
5555 55 55

5
5
5 5

5
5

5

5 5555

5

5 555 5555 55555 555 55
5
5 555

5
5
555555
55
5

5

5
55
55 5555 555

5

5555 55
5

55
55

5

5

5

5
5

5

5555 5

5

5
5

555555
5

5555
5

5
55

55 55

5

5 55 555
5

5

5

5 555 5
555 5

5
5

5

555 5555

5

5

5

5
555
5
555

5

555
555
5

5 5
555

5
55

5
55 55
555555 5

5

5

5

5 5
5

5

55

5

5
5

5

5
5

555 5
5
5 5555

5

55 5555 5

5

5
5 55
5
55

5
5
555 555

5
5555

5
55555 5

5
55 555 55555 5

5
55

5

5
55

5

5555

5

55 55
5
5

555
55

5
5 55 55
5
5 555555 5

5

5

5

55 5555
5555 55

5
55

5

55
5

555
55

5

5 555555 555 555
555 5555 5

5
555
55 5

5
55 5555

5

5555 55
5

55
5

5555 55555 555

5

555

5

5
5

5

5 55 555555
5

5

55

5

55 55 55555
55

5

5
5

5

555 555 555555
5

5

5 5555 555555 55 5555
5

555
5 5

5 55 555

5
55

5 555
5

55555 55 55 555 55 55
5

5555 55555

5
5 5

55
555 55 55 5

5
5

5
5555

5

55

5

55555 555 55
5
555 555 5 555

5 5555
5 5
555 5

5

555 555
5

5
55 555
5
55 555555 5555
5

5
5555
5 5
5

5

55555

5
55 55
5

5

5

5
5

5

55 5
555 5
5555 5

5

555 55
55

5
555

5 55

5
5

55
5555 5

5555 555 55555 555 55
5

5

5 555

5

55 55
55
55 5

5

555
555 55 55

5
5555

5

5
5555 5

5
5

5

5555555

5

5 555 555 555
5

5
5

5
5

5
5 5

5

5
55555
5
55

5

55 55 5555
55

5

5
5

5 5555
5
55

5
55 5

5

55 555
5
55 5

5

55555

5

5
5

55
555 55555 55 555

5

5
5

55
5

555
5

55 5
5

5 55 55555 555 5
5

55 5

5

555 555 5
5

55555 5
5 5

5
5

5555
5 5 5

5
555 5

5
5 555 555 5

5
5
5 555555

5

555 55
5

55

5

55 555 5
5

5 5
5

5 55
555 555 55555 555 555
555555 5

5

5
55555
55

5
5

5
5

5 5

55
5

555
5

55 555

5

5
5555 55 5

5 55 555 55

5

555 5
555

5

5
55 555 55 5

5
555 5555
5

5 5

55 5
5555 55 555
5
555 555 55

5

555 55 55555 555
5

5

55
555 555555

5
5 5

5

555 55555555

5

55555
5 555

5

5 55

5

5
555

5

55

5

5
5 5555 55 5555 5555

5
555 555 55 555

5
5
5
5

5

555
5

555
5

5 55
5

5

5

5
555 55

5

5 5

5

55 55 5
5

555 5 5

5

5 555 555
5

5 55

55

5
5

5
555 55

5

555
55

5
55555
5
555

5

5
5555 55

5 555
55

5

5 55555
5 555 555 555555 5
5 555 5555 55
5

5

5

55555

5
5 555 555555

5

5

5
5

5
5

5

5 55555
5

5 555
5

5 55
5

5

5

5

5

555
55 555

5
5555

55
5

5
555 55555

55

55 555 5
55

5

5
55 55 5

5
55

5
55 5
5
5

5

55 555
5

555555 5555
55 555

5
55 5

5

5
555 55

5

55
55 55 55 555 555 5
5

55 5555 555 55

5

55 555

5
5

5

5

5

555
5

5

555
55 5555 55
5 555 555
55 55

5
5

5
55

5

555

5

5
5 5

5
555

5

5

5
55 5

5

5555

5

5

55

5
5

555 555
5

5 55
555 5

5 5555 555
55555
55

5

55
5

5
5

5 555 555 55 55 5555
55

555

5

555 55 55 55555 5555
5

55 55 5555
5

555
5

5

555
5
5

55
55

5
5

5
55

5
5
5

5
5555555

5
55

5
5

5
5
555

5

555 55
5

5
5555 5555 5

5
5

5

5

5
5
5

5
5

5
5

5

555555
5555 55

5 5
5555555 5

5
5

5

5

5

5555555 5
5

5

5

55

5

55 55
5

5 55 5555 55

5

5 5555 555 555 55 55 5
5

5

5
5
5

5
5 55 55 55

5
5
55

5
5

5
555555 555 555 5

5

5 555
5

5555 55 5
5

5

5
5 55 5
55

5
5

555

5

5 5

5

55
5

5 555 555 55 55 5

5

55
5
555
55555 5

5
5

5
5
55555 555 5

555 55

5

5555 555 55

5

5 5
5

55

5

555

5

5 555
5 555 55 555
5555
5 5

55 5 555 55 5

55

5 555555
5
55
5

5

5 55555 555 5

5
5

5

5

5

5

55555
5

555 5

5

5
5

55555555 55 55555 55 55555

5

5 555
555 5555 555 5555
5

5

5 5
5

55

5

5 555 55
5

5 555
555 55 555 55

5

5
5

55
5

5

5

55
5

55 5
55

55 5555 5555 55

5

555 55
5

5555
5

5555

5

55555
555

5

55

5

55
5

555

5

5

5
55

5 5
5

5555 5
5
5 55
55

5 5
5
55 555 555
55

5

5 555

5

5

5

5

5

5555
5 555

5

55 555
55

5
5
555

5

555
555 5

5

5 55 55 5
55

5

5
55

5

5 5555 5
5

5

5

5

5

5
555 555
5

5

55 555 555 555 555

5

5555 55 5

5

5

5
55 55555 55555

5

5

55

5555

5

55 555
5
55

5 5555555 55555 555

5

5555 555 555555 555 55 5555
5

5

55
5
55
5

5

5
5 55

5

55 555 5

5

5 55 5555 555555 55 55

5

5

5 55555
5

55555 5
5

55
5

5 55

5
5

5
55 555 5

5

5

5

5

5 555

5

5 5

5
55
5

5
55 55

5

5555 555 55 55

5

5
55

55
55555 55 5
5 55

5

55555
55555

55
5

5 55

5

5

5

5 55

5

5
5

5555 555 55 55 55 5
55

5

5

5
5
5 555

5
5 5555 5

5

5

5

5555
55
5
5 55555555 55

5

5 5

5

5
5

555
555

5

555 55 55 555
5 5

5
5555 55

555

5

5
5

555
5
5 55 55 5

5

5555
5

55
5 55

5555 5555 555 55

5

5
55 555
5

5 555 5555 555 555555 5

5

555 555 55555 5 5
5 55

5

5

5

5
555

5

55 555
5

5
5

55 555
5

5

55
5 5

5

5 55555 55
5

5

5555 55
5555 55 55

5 5

5

5
5 5
5 5

5

5

5 555
5

5 5

5

5

5

55

5

55 5555555
5

5

55

5

5
5

55 5
555 5

5

55
5
5 55

5 555

5

55

5

5 5
5

55 5555 5

5

5

5
5 5
5

55 5555555
5 5555 5 5

5
55 5
5 5555

55555 5

5

555 5
55

5

55

5
55 55
55 555

55

5555
5555555

5

55

5

5555
5

5 555555555
555 5

5

5

5

55 55
5

5

55 555 5555 55555
5

555 5555

5

5555

5

55 555
5

5
5
5

5
5555 555555

5

5

5

55 55

5

5 5
5

5
5555

5

55
5

5 55555555

5

5

5
55 5

5

555 555 5
5

5

5555

5

55

5
5 5

5
555555
5

5

55
5
5555
5

5

5 555

5

55 55

5

5
5

5

55 55 55 55 5
5

55 55
5

5
5 5

5

55555

5

555 55555
55 5

5

5

5
5

5 555 555 5

5

5555 5

5

55555 5

5
5555 55555555

5
555 555

5

55

55

5 5555

55

55 5
5

5
5

5

5
5

5

55 555

5

5 55555 555
5

55 5
555

5

5555
5 5 5

555 55 555
5
5

5

5
5

5

5

5555 555 555 555

5

55555 555 555
5

5
5

5555 5

5

5

555

5

55
5 55 555 5

5

5

5
55

5
5 555
5 5555

5555 5555

5

55 555 55
55
55
5

5

5
5555 555 555 5
5
5
55 5

5

5
555
5

55 5555
5

5
5 555

5

5 55 555555
5

5

555
55 5

5

5 55 5555 5
5 5

5555
5
5 55
5
5 5

5

55
555 55
55

5

5 55

5

5
5

5
5

5

5555 55555
5
5555 55

5
5 555 55555 555
5 55
55 55

5

555 5
55

5

5 555 55 5555
5

55
5

5
5 5

5

5

55 5

5

5555

5

55555
55

5
5 55 555

5

5

5

5
5 5

555 55 5

5

555
55

555

55
5

5
5 5555 5 5555 555

55
5

555
5

5
55 55
55

5
5

55

5

55
5555 5555 555 555
5

55 555

5

55
5

55 555 55
5

5
555 555 55

5

5

5

55
555 5
55
5 55 5

5
5 55

5

55555 55555
5

5

5 555555
5
55555 55555

5

5 5555
555

5

5

5
5

5 555 5
5

5 55

5

55 5

5

5

5

5

5
55
5 55 5555

5

5

5
55
5

5 55555
5

5 5

5

555 55555 5

5
55
5

55
5

5
5

5 55
55

55 555 5
5 55 55555 5555 555 555 55

5
5555

5

55
5

5
555

5

5
5
5

5
5

555
5 55 55

5
5

5 5

5

55 55 5555 55 5555 5
5

5

555
5

5 55
5

55
5 5555 5

5
5 555 5

5

555 5
5

5

5555
555555 5

5 5555 5555
55 5555

5
5
55 5

5

55

5

5 55

5

55

5

5 55
555

5

55 55
5

5
55 55

5

5 55555 55 55
5

5
5
5555 55 5

5

5

55 5

5

5

5

555

5

55

5

5

5

555
5
5 5

5

5 5
5

5 5555 55
555 555 555555 55

5

5

5 55
5
55

5
5 55 55 55555 555

5
5 55

5

5

5

5

5

5 5555
55

5 55
5
55

5
5 5555 555 55

5

5

55555 555 55 555 55
555

5
5 555

5
555

5

5

5

5 55 555
5

5
55

5 555 55 5

5
555
5555

5 555 55
5

5

5

5
5555

5
555 5

5

5
55555

5
55 555 55

5
5

55 55
5
55 5
5 555555

5
5
5

5 55
5 5555555

5

5
555 5

55
5 555 5

5

5 5555
5 5

5 55 55

5

55

5
555 555

5

5 5
5

5
555

5

555 555
5
555
5555555 55555 5

5

5 5

5

5
555555 55 55

5
5

5

5

5
555 5

5

5
5

55
5
5
5

5

5
5
5 5

5
555

5
5 5 5

5 5
5 5

5

5555 55
555 555

5 55
5

55555 55 555
5
5
555

5

5555 55 5555 5
5
555555555 555 5

5

5

5

5

5

555 5
5 5

55 555
5

55 55 5555 55
5

5

5
5 55 555

5
5

5
5

5

5
5

5
5
55 555 555

5

5555

5

5 55

5

5 55

5

5

5555
5

55 55 5

5
555 555555

5

5 555 555 55555

5

555
5

5

5

5
55

5

55
55555 555 5555

5

5
5

5

5

55

5

55 55
5

5
55 5

5
555

5

55
5 555 5

5555

5
55

5

555
5

55 55555

55

55
5

555

5

5 5
5

55 55
5 55

55 5
5 55

5

55

5

55
5

5
555
5

5 555 555 5555 555
55

5

5 55
5

55

5

5
5 5555

5
5555 55 55

5 5555
5

5
555 5

5 55

5
5

55 5
555

5
5
55 555555

5 5
55
55

5

5

55 55

5
555 55 5

5

55 5555
5

5 55
5 55 555 555 55

55

5

5

5

5 5555 5

5

5
55

5
5555

5

5

5 55 55

5

5

555
5
5
5

55
5

5

5

5 5555555

5

5
5555 5

5

55555

5

5

5

5 555 55

5

5
5

55 55

5

5

5 55 55555 5555 555 5
55 55

555 55
5

5

5 55 55
5

5
5 5555 5

5

5

55 5

5

5 5

5

5 55

5

5555
5 555555 5

5 55
55
5555

5
5

5
5 5

5 5

5

5

5555
5

555 5

5
55 555 55

5
5

5

5
5

5

5
555 55

5

5
55

555 55 555
555

5
5

5

5 555

5
5
5

5 55
5
5 5555

5

5
5 5555555 5

5

55 55

5

555 5
5555 5

5

55

5

55555 55 55
55 55 5 555

5
5 5
5

5 55 5
5

5

55 55 5

5

5 5
55
55 55555 5555 55 55555 555 555

5
55 55 55555 5

55
5 5

555 55555
555 55

5
555 5
5

55
5
55
5

5
555
55 555 5

5

55 555
5

55 555 555 5
5

5

5555

55

5 5
5

5

5

555
5

55
5555

5

5 55555555 5
5

55

5

555 555 55
5

5

5

5
55 5

5

55

5

55 55 5555
5
5555555 55
55

5

5

5

555
5
55 5555 55555

5

5

5555 555

5

5

5

555 5
5

5

555
5

55 555
5

555 5

5

5 5
5 55

5
555
5

5555
555 5

5

555
5

5
5 5

5555555
555

5

5
5

55
5

5
5 55555 55555

5

55555
5

5
5 5

5 555

5

55 5
55

5

55
5

5

5

5555 55 555 5 555 5555
555

5

5
55

55 55555 5

5

55 5

5
5

5

5

5
5 55

5
55

5555 55 555
5

5

5

55 55

5

555 55
5

55

5

55 555

5

5

5
5 555

55

5
55

5

55
5

5

55 55 5
5

5 555 555
5
5 5

5 5

5

5
5

55 55 5
55 55 5

5

5555 5555
5

5

5 55
5

55

55 5
55555 5

5

55555 5
5

5 5555

5

5 5
5

5

5 5
5

5555555 555555
5

5

555 555555 5

5
5

5

5555 5
5

55
5
555
5

5

555
5

5
5
5

5
55 55

5

5
5

5

555
5

5
55

5
555

55

5

5
5

5
5

55
5

555
5

5
555555

5
5 55

5 555
5

5 55 55555 555555
5

555 55 5

5

5555 55 55 555 55 55555
5 555 5555 5

5555 55
5

5

5

55555 55
5
5

55

5

5 5555
5
55

5
5

5

55 5555 55 555555

5

55
5

5
55

5

5 555
555555 555 55 555555 55 55 5

5

5
5

5

5

55 5
5

55

5

5 555
5 55 55 555 5
5

555 55
5

55

5

555
5

5
5

5

5

5555

5

5555 55 55 5555

5

5 5
55

5

5
555 55

5
55

5 55 55 5
5555 5555 55

5
555 55

5

5

555 5
5

5 5
5

5
5

555
5 55 55 5

5
5 5555

5

5
555555

5
5

5

5555

5

5

5555
5

555
5

5
5
55555 55 555 555 55 55
5

5

5

5
5

555

5

55 55555

5

5

5

55555 5555 55

5

5

5
555
5

5
5 55

5

55
555

5

5

55 5555 555
5 55

5

55 55 555

55

55 55 55 5

5

55555555
5555

55

5
5

5

5 55
5

5 55

5

5

5

5 55 55 5 55 5555555 55

5
5

5555
5

55
55

5
555

5

5

5
5
55

5555 5

5

5

5

555
55

5

5

5
555 55

5
555 55555555

55 55 555 5

55

5
5

5
555 55

5 55 5

5

5555 5
5

55 55
5

5555
5
5

55 5

5

555 555

5

555 5555 555555 555

5

5

5

555
5

5

5

5

5

55

5

5

5

55 555
5

5

555 555555 5555 555 555
5 55 55

5
5

5

5

5
55 555
5

5 55
55
55

5

5

55 55 55
5

55

5

55

5

5

5

5 55
55 555 55 5

5 555 55

5

5

5

55 55555
5

5 5

5

5
5

55
5

5555
5 5

5
5

5

55
5

55555
5

55
5

5 555

5

55 55

5

55 5
5 55 55 55

5

5

5
5

5

5 5
5

5 555
55

5

55 5 55
5 5

55 55 5
5

5555

5

55

5

5

5

5 55 55
5

555 55
5 555

5
5

5

5 5

5

555

5

5 5
5

5 55

5 5

5 55 55

5

5
5 5555

5
5 5555

5

555 5
5555 5

5
5

5

5555

5

5
55
5

555 5
5

5

5

55 55 55

5

555 5

5

555 5
5555 555 5

555 55 5
55

5 55555 55
5 555 5

5
5

5

55 55 55 5
5

55
5

5

5 5555 5
5

55
5

55
5
5

5555 555 555 55555
5

5555 55 55 55

5

5
5555 5

5

55 5555 5555
555 5

5
55 555

5
55 5
5 5555 555 5

5
55 55 555 5

5

5 55
5
555 555

5

5
5

5

5

555 555 5
5

55 5

5
55 55

5
5 55

555
5 55
5 555 5

5

5 555
5

5

5

55 555 5555 5
5
55 5

5

5 55

5

555
555 5
5

5

5 5555
5555

5
55

5
55 55
5

5
5555

5

555
5 55

5

5

5
5

55 55

5

555
5

5

5

5
5 55

5

55

5

5

5

5
5

5

555 55
5 5 555

5

55
555

5

555

5

5
5

5 555
55 5
5555
55

5

5
55 5555 5

5
5

5

55
5555 5555 55
5

555
5

5

5
55 55 55

55
5

5

5

5

555 555

5

55 555 55 5555
5

5555 55555

5

5
5 55555

5
5
55 5555
5

5

 

 

 26



Figure 2bis – PVR through time, box plot by cohort 
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Figure 3 – Tax rate by cohort 
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Figure 3bis – Tax rate, box plot by cohort 
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Table 1 – Tax rate, by group 

 Employee  Self employed 

 Male Female  Male Female 

cohort 1      

Average tax rate (%) -28.23 -35.17  -43.13 -48.23 

IQR (percentage points) 15.73 22.22  16.49 13.72 

Var (percentage points) 2.01 2.58  1.77 1.32 

cohort 2      

Average tax rate (%) -10.71 -14.78  -14.90 -17.89 

IQR (percentage points) 8.76 7.42  8.83 9.40 

Var (percentage points) 0.38 0.44  0.40 0.49 

cohort 3      

Average tax rate (%) -3.37 -5.87  -7.62 -9.53 

IQR (percentage points) 2.22 3.60  5.64 5.68 

Var (percentage points) 0.18 0.26  0.36 0.43 

cohort 4      

Average tax rate (%) -1.54 -2.93  -3.70 -5.71 

IQR (percentage points) 0.62 0.58  2.69 2.69 

Var (percentage points) 0.06 0.02  0.10 0.24 
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Table 2 – Permanent income, by group 

 Employee  Self employed 

 Male Female  Male Female 

cohort 1      

Average PY (thousands euro) 882.08 588.52  452.61 408.23 

IQR (thousands euro) 519.73 377.59  205.93 136.91 

Var (billions euro) 189.00 83.30  20.80 12.70 

cohort 2      

Average PY (thousands euro) 1095.23 676.36  613.09 557.16 

IQR (thousands euro) 610.87 432.26  329.75 303.14 

Var (billions euro) 241.00 114.00  53.60 36.20 

cohort 3      

Average PY (thousands euro) 1168.76 744.49  776.74 774.77 

IQR (thousands euro) 604.41 423.89  428.38 403.94 

Var (billions euro)) 240.00 125.00  105.00 93.70 

cohort 4      

Average PY (thousands euro) 1311.22 883.65  757.45 750.00 

IQR (thousands euro) 690.53 488.79  401.20 375.70 

Var (billions euro) 280.00 162.00  93.30 81.80 
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Table 3 – Replacement Rate, by group 

 Employee  Self employed 

 Male Female  Male Female 

cohort 1      

Average RR (%) 70.65 72.77  79.10 80.93 

IQR (percentage points) 15.07 23.57  17.81 18.49 

Var (percentage points) 295.77 523.78  1291.76 1770.13 

cohort 2      

Average RR (%) 62.21 64.65  48.73 49.20 

IQR (percentage points) 11.61 16.38  13.97 13.34 

Var (percentage points) 263.30 488.36  250.95 523.29 

cohort 3      

Average RR (%) 52.28 59.30  39.23 38.65 

IQR (percentage points) 16.95 20.62  10.16 9.70 

Var (percentage points) 327.13 708.17  232.30 303.15 

cohort 4      

Average RR (%) 48.58 57.52  33.75 32.71 

IQR (percentage points) 12.87 17.87  10.80 9.71 

Var (percentage points) 238.71 629.14  186.37 210.18 
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Table 4 – Years of work, by group 

 Employee  Self employed 

 Male Female  Male Female 

cohort 1      

Average YOW  36.46 35.17  34.86 34.33 

IQR  2.92 5.17  4.75 8.79 

Var  7.58 17.38  64.16 71.78 

cohort 2      

Average YOW  35.76 33.29  34.61 33.53 

IQR  2.03 5.82  4.75 10.48 

Var  8.49 23.31  61.64 68.71 

cohort 3      

Average YOW  34.47 32.99  33.77 33.72 

IQR  4.71 4.80  10.00 11.37 

Var  15.02 20.12  61.40 64.28 

cohort 4      

Average YOW  33.90 33.69  33.17 33.00 

IQR  5.49 5.62  8.25 9.48 

Var  15.46 18.29  51.35 55.57 
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APPENDIX: The present value of social security benefits 
 
The formula for the evaluation at retirement of the present value of the social security 

benefits directly derives from the NDC system conversion coefficients formula. 

The present value of social security benefits is computed only for those individuals who are 

still alive at the time of retirement. As described in the text, mortality is modelled according 

to gender specific mortality tables, issued by the National Statistics Institute (ISTAT) for 

the year 2000. In order to keep into account the fact that death can occur even during the 

first year of retirement, we reconstructed monthly probability tables on the basis of the 

yearly ones by assuming that deaths are uniformly distributed along the whole year. 

When an individual dies, he might leave a heir, depending on his marital status at 

retirement. We assign probability one of leaving a heir to people that at retirement were 

married, and probability zero to everybody else. As the model does not contain information 

about spouses, we follow the assumptions made by the legislator to construct the NDC 

conversion coefficients and assign to each married individual a spouse exactly 3 years 

younger if the pensioner is man, 3 years older if woman.  

The present value of the pension benefit, for a worker of gender s, is the sum of two parts. 

The first part is the direct component, or the net present value of the benefits to be paid to 

the pensioner: 
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[1] 
 

where: 
s: gender; 
age: age at retirement; 
agemax: maximum age at which an individual can be alive 
p(j): pension at age j;  
ret_month: month of retirement; 
m_pens(j): number of months in year j the benefit is received. In the first year of 

retirement this depends on the month of retirement and it is equal to (12-
ret_month+1)+( (12-ret_month+1)/12); in the following years it is always 
equal to 13; 

ls(x,y): gender-specific number of individuals (out of 10,000 new-borns) still alive at 
age x years and y months; if x=agemax+1 then ls(x,y)=0; 

r: rate of return. 
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The second part is the indirect component or the net present value of the fluxes of  the 

survival pension to be paid to the heir. 

 
For the first year of retirement this is equal to: 
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while for the following years: 
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where alpha(i) is defined, when i is equal to 1 as: 
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else, for i greater than 1: 
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[3] 

 
where: 
surv:  fraction of the direct benefit that converts into a survival pension, according 

to the Italian legislation (equal to 0.6 for the spouse) 
reds: reduction of the survival pension due to income ceilings. It is equal to 0.7 if 

the pensioner was a woman and 0.9 otherwise. 
thetas:  probability of having a heir. It is equal to one if the pensioner at the 

retirement is married. It is zero otherwise. 
age_spouse:  age of the spouse at the time of individual’s retirement. We suppose that, in a 

couple, the wife is always exactly 3 years younger than the husband. 
p(j):  direct pension that would be paid to the pension-owner if he was alive at age 

j.  
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