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Supplemented by Statistical Inference by Cassella & Berger

Chapter 1: Probability Theory and Measure Spaces

1.1: Set Theory (Casella-Berger)

The set, S, of all possible outcomes of a particular experiment is called the sample space for the experiment.

An event is any collection of possible outcomes of an experiment (i.e. any subset of S).

A and B are disjoint (or mutually exclusive) if
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If A1, A2, … are pairwise disjoint and 
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, then the collection A1, A2, … forms a partition of S.

1.2: Probability Theory (Casella-Berger)

A collection of subsets of S is called a Borel field (or sigma algebra) denoted by , if it satisfies the following three properties:
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i.e. the empty set is contained in ,  is closed under complementation, and  is closed under countable unions.

Given a sample space S and an associated Borel field , a probability function is a function P with domain  that satisfies:

1. P(A)
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2. P(S)=1

3. If A1, A2,
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Axiom of Finite Additivity: If 
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1.1: Measures (Cox)

A measure space is denoted as
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, where  is an underlying set, F is a sigma-algebra, and  is a measure, meaning that it satisfies:
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3. If A1, A2, … is a sequence of disjoint elements of F, then 
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A measure, P, where P()=1 is called a probability measure.

A measure on 
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A measure, #, where #(A)=number of elements in A, is called a counting measure.

A counting measure may be written in terms of unit point masses (UPM) as 
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. UPM measure is also a probability measure.

There is a unique Borel Measure, m, satisfying m([a,b]) = b - a, for every finite closed interval [a,b], 
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Properties of Measures:

a) (monotonicity)
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b) (subadditivity)
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, where Ai is any sequence of measurable sets.

c) If Ai , i=1,2,… is a decreasing sequence of measurable sets (i.e.
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1.2: Measurable Functions and Integration (Cox)

Properties of the Integral:

a) If 
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c) If 
[image: image38.wmf]W

Î

"

£

w

w

w

)

(

)

(

g

f

, then 
[image: image39.wmf]ò

ò

£

m

m

d

g

d

f

, provided the integrals exist.
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S holds -almost everywhere (-a.e.) iff 
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Consider all extended Borel functions on 
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Monotone Convergence Theorem: 
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Lebesgue’s Dominated Convergence Theorem: 
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 is called the dominating function.

Change of Variables Theorem: Suppose 
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Interchange of Differentiation and Integration Theorem: For each fixed
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1. The integral of 
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2. The partial derivative w.r.t.
[image: image64.wmf]q

 exists, and

3. the abs. value of the partial derivative is bounded by 
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1.3: Measures on Product Spaces (Cox)

A measure space 
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Product Measure Theorem: Let 
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Fubini’s Theorem: Let 
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Conclude that 
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A function 
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1.4: Densities and The Radon-Nikodym Theorem (Cox)

Let 
[image: image97.wmf]m
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1.5: Conditional Expectation (Cox)

Theorem 1.5.1: Suppose 
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The conditional density of X given Y is denoted by 
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Proposition 1.5.5: Suppose the assumptions of proposition 1.5.4 hold.  Then the following are true:

(i) the family of regular conditional distributions 
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Theorem 1.5.7 - Basic Properties of Conditional Expectation: Let X, X1, and X2 be integrable r.v.’s on 
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(d) (Law of Total Expectation) 
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Theorem 1.5.8 – Convergence Theorems for Conditional Expectation: Let X, X1, and X2 be integrable r.v.’s on 
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(b) (Dominated Convergence Theorem) Suppose there is an integrable r.v. Y such that 
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To Stage Experiment Theorem: Let 
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Theorem 1.5.12 - Bayes Formula: Suppose 
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Chapter 2: Transformations and Expectations

2.1: Moments and Moment Inequalities (Cox)

A moment refers to an expectation of a random variable or a function of a random variable.

· The first moment is the mean
· The kth moment is E[Xk]

· The kth central moment is E[(X-E[X])k]= E[(X-)k]

Finite second moments ( Finite first moments (i.e. 
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Markov’s Inequality: Suppose 
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Corollary to Markov’s Inequality: 
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Chebyshev’s Inequality: Suppose X is a random variable with E[X2]<
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Jensen’s Inequality: Let f be a convex function on a convex set 
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· If f concave, change the sign.

· If strictly convex/concave, can use strict inequality holds.

Cauchy-Schwarz Inequality: 
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Theorem 2.1.6 (Spectral Decomposition of a Symmetric Matrix): Let A be a symmetric matrix.  Then there is an orthogonal matrix U and a diagonal matrix 
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 such that 
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· The diagonal entries of 
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are eigenvalues of A

· The columns of U are the corresponding eigenvectors.

2.2: Characteristic and Moment Generating Functions (Cox)

The characteristic function (chf) of a random n-vector
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 is the complex valued function 
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The moment generating function (mgf) is defined as 
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Theorem 2.2.1:  Let
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 be a random n-vector with chf 
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  and mgf 
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(b) (Relation to moments) If
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(c) (Linear Transformation Formulae) Let 
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(d) (Uniqueness) If 
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(e) (Chf for Sums of Independent Random Variables) Suppose
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Cumulant Generating Function is ln
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2.3: Common Distributions Used in Statistics (Cox)

Location-Scale Families

A distribution is a location family if 
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A distribution is a scale family if 
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A distribution is a location-scale family if 
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A class of transformations T on 
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(ii) T is closed under composition. i.e. if g1 and g2 are in T, then so is 
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Let T be a transformation group and let P be a family of probability measures on 
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2.4: Distributional Calculations (Cox)

Jensen’s Inequality for Conditional Expectation: 
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, Law[Y]-a.s., g(.,y) is a convex function.  

2.1: Distribution of Functions of a Random Variable (Casella-Berger)

Transformation for Monotone Functions:

Theorem 2.1.1 (for cdf):  Let X have cdf FX(x), let Y=g(X), and let 
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 and 
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 be defined as 
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1. If g is an increasing function on 
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, then FY(y)=FX(g-1(y)) for 
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.

2. If g is a decreasing function on 
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 and X is a continuous random variable, then 

 
FY(y)=1-FX(g-1(y)) for 
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Theorem 2.1.2 (for pdf): Let X have pdf fX(x) and let Y=g(X), where g is a monotone function.  Let 
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 and 
[image: image266.wmf]Y

 be defined as above.  Suppose fX(x) is continuous on 
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 and that g-1(y) has a continuous derivative on 
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The Probability Integral Transformation:

Theorem 2.1.4:  Let X have a continuous cdf FX(x) and define the random variable Y as 

Y = FX(X).  Then Y is uniformly distributed on (0,1).  I.e. P(Y
[image: image270.wmf]£

y) = y, 0 < y < 1.  (interpretation: If X is continuous and Y = cdf of X, then Y is U(0,1)).

2.2: Expected Values (Casella-Berger)

The expected value or mean of a random variable g(X), denoted Eg(X), is
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2.3: Moments and Moment Generating Functions (Casella-Berger)

For each integer n, the nth moment of X, 
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· Mean = 1st moment of X

· Variance = 2nd central moment of X

The moment generating function of X is 
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NOTE: The nth moment is equal to the nth derivative of the mgf evaluated at t=0.  


  i.e.  
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Useful relationship:  Binomial Formula is 
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Lemma 2.3.1:  Let a1,a2,… be a sequence of numbers converging to ‘a’.  Then 
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Chapter 3: Fundamental Concepts of Statistics
3.1: Basic Notations of Statistics (Cox)

Statistics is the art and science of gathering, analyzing, and making inferences from data.

Four parts to statistics:

1. Models

2. Inference

3. Decision Theory

4. Data Analysis, model checking, robustness, study design, etc…

Statistical Models

A statistical model consists of three things:

1. a measurable space 
[image: image279.wmf](
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2. a collection of probability measures P on 
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, and

3. a collection of possible observable random vectors 
[image: image281.wmf]C

.

Statistical Inference

(i) Point Estimation: Goal – estimate the true 
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 from the data.

(ii) Hypothesis Testing: Goal – choose between two hypotheses: the null or the alternative.

(iii) Interval & Set Estimation: Goal – find 
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Decision Theory

Nature vs. the Statistician

Nature picks a value of 
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 and generates
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 according to
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There exists an action space of allowable decisions/actions and the Statistician must choose a decision rule from a class of allowable decision rules.

There is also a loss function based on the Statistician’s decision rule chosen and Nature’s true value picked.

Risk is Expected Loss denoted
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A -optimal decision rule 
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 is one that satisfies
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Bayesian Decision Theory

Suppose Nature chooses the parameter as well as the data at random.

We know the distribution Nature uses for selecting 
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 is
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, the prior distribution.

Goal is the minimize Bayes risk:
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a = any allowable action.

Want to find 
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This then implies that 
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3.2: Sufficient Statistics (Cox)

A statistic 
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A loss function, L(
[image: image307.wmf]q
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Rao-Blackwell Theorem: Let 
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(1) The random variable 
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(3) Var(
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Factorization Theorem: 
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· If you can put the distribution if the form 
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Minimal Sufficient Statistic

If m is the smallest number for which T = 
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, then T is called a minimal sufficient statistic for 
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Alternative definition: If T is a sufficient statistic for a family P, then T is minimal sufficient iff for any other sufficient statistic S, T = h(S) P-a.s.  i.e. Any sufficient statistic can be written in terms of the minimal sufficient statistic. 

Proposition 4.2.5: Let P be an exponential family on a Euclidean space with densities
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 are p-dimensional.  Suppose there exists 
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 is minimal sufficient for
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.  In particular, if the exponential family is full rank, then T is minimal sufficient.

3.3: Complete Statistics and Ancillary Statistics (Cox)

A statistic X is complete if for every g, 
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Example: Consider the Poisson Family, 
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 where A = [1,2,…].  
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.  So F is complete.

A statistic V is ancillary iff 
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Basu’s Theorem: Suppose T is a complete and sufficient statistic and V is ancillary for
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.  Then T and V are independent.

A statistic 
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· Location invariant iff 
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· Location equivariant iff 
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· Scale invariant iff 
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· Scale equivariant iff 
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PPN: If the pdf is a location family and T is location invariant, then T is also ancillary.

PPN: If the pdf is a scale family with iid observations and T is scale invariant, then T is also ancillary.

· A sufficient statistic has ALL the information with respect to a parameter.

· An ancillary statistic has NO information with respect to a parameter.

3.1: Discrete Distributions (Casella-Berger)

Uniform, U(N0,N1): 
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· puts equal mass on each outcome (i.e. x = 1,2,...,N)

Hypergeometric: 
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· sampling without replacement

· example: N balls, M or which are one color, N-M another, and you select a sample of size K.

· restriction: 
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Bernoulli:  
[image: image353.wmf]ï

î

ï

í

ì

£

£

-

=

C

1

0

,

1

,

0

,

1

p

p

y

probabilit

with

p

y

probabilit

with


· has only two possible outcomes

Binomial: 
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 (binomial is the sum of i.i.d. bernoulli trials)

· counts the number of successes in a fixed number of bernoulli trials

Binomial Theorem: For any real numbers x and y and integer n
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Poisson: 
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· Assumption: For a small time interval, the probability of an arrival is proportional to the length of waiting time. (i.e. waiting for a bus or customers) Obviously, the longer one waits, the more likely it is a bus will show up.

· other applications: spatial distributions (i.e. fish in a lake)

Poisson Approximation to the Binomial Distribution: If n is large and p is small, then let  = np.

Negative Binomial: 
[image: image359.wmf](
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· X = trial at which the rth success occurs

· counts the number of bernoulli trials necessary to get a fixed number of successes (i.e. number of trials to get x successes)

· independent bernoulli trials (not necessarily identical)

· must be r-1 successes in first x-1 trials...and then the rth success

· can also be viewed as Y, the number of failures before rth success, where Y=X-r.

· NB(r,p) 
[image: image360.wmf]¾

¾

¾

®

¾

®

¥

®

1

,

p

r

  P()

Geometric: 
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· Same as NB(1,p)

· X = trial at which first success occurs

· distribution is “memoryless” (i.e. 
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· Interpretation: The probability of getting s failures after already getting t failures is the same as getting s-t failures right from the start.

3.2: Continuous Distributions (Casella-Berger)

Uniform, U(a,b): 
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· spreads mass uniformly over an interval

Gamma: 
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·  = shape parameter;  = scale parameter

· 
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 = Gamma Function

· if is an integer, then gamma is related to Poisson via  = x/
· 
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· Exponential ~ Gamma(1,)

· If X ~ exponential(), then 
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Normal: 
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· symmetric, bell-shaped

· often used to approximate other distributions

Beta: 
[image: image372.wmf](
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· used to model proportions (since domain is (0,1))

· Beta() = U(0,1)

Cauchy: 
[image: image373.wmf](
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· Symmetric, bell-shaped

· Similar to the normal distribution, but the mean does not exist

· 
[image: image374.wmf]q

 is the median

· the ratio of two standard normals is Cauchy

Lognormal: 
[image: image375.wmf](
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· used when the logarithm of a random variable is normally distributed

· used in applications where the variable of interest is right skewed

Double Exponential: 
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· reflects the exponential around its mean

· symmetric with “fat” tails

· has a peak ( sharp point = nondifferentiable) at x=
3.3: Exponential Families (Casella-Berger)

A pdf is an exponential family if it can be expressed as 
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This can also be written as 
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 is called the natural parameter space.  H is convex.

3.4: Location and Scale Families (Casella-Berger)

SEE COX 
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3.1: Discrete Distributions (Casella-Berger)

Uniform, U(N0,N1): 
[image: image381.wmf](
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· puts equal mass on each outcome (i.e. x = 1,2,...,N)

Hypergeometric: 
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· sampling without replacement

· example: N balls, M or which are one color, N-M another, and you select a sample of size K.

· restriction: 
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Bernoulli:  
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· has only two possible outcomes

Binomial: 
[image: image385.wmf](
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 (binomial is the sum of i.i.d. bernoulli trials)

· counts the number of successes in a fixed number of bernoulli trials

Binomial Theorem: For any real numbers x and y and integer n
[image: image387.wmf]³
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Poisson: 
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· Assumption: For a small time interval, the probability of an arrival is proportional to the length of waiting time. (i.e. waiting for a bus or customers) Obviously, the longer one waits, the more likely it is a bus will show up.

· other applications: spatial distributions (i.e. fish in a lake)

Poisson Approximation to the Binomial Distribution: If n is large and p is small, then let  = np.

Negative Binomial: 
[image: image390.wmf](
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· X = trial at which the rth success occurs

· counts the number of bernoulli trials necessary to get a fixed number of successes (i.e. number of trials to get x successes)

· independent bernoulli trials (not necessarily identical)

· must be r-1 successes in first x-1 trials...and then the rth success

· can also be viewed as Y, the number of failures before rth success, where Y=X-r.

· NB(r,p) 
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Geometric: 
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· Same as NB(1,p)

· X = trial at which first success occurs

· distribution is “memoryless” (i.e. 
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· Interpretation: The probability of getting s failures after already getting t failures is the same as getting s-t failures right from the start.

3.2: Continuous Distributions (Casella-Berger)

Uniform, U(a,b): 
[image: image394.wmf](
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· spreads mass uniformly over an interval

· Gamma: 
[image: image395.wmf](
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·  = shape parameter;  = scale parameter

· 
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 = Gamma Function

· if is an integer, then gamma is related to Poisson via  = x/
· 
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· Exponential ~ Gamma(1,)

· If X ~ exponential(), then 
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Normal: 
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· symmetric, bell-shaped

· often used to approximate other distributions

Beta: 
[image: image403.wmf](
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· used to model proportions (since domain is (0,1))

· Beta() = U(0,1)

Cauchy: 
[image: image404.wmf](
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· Symmetric, bell-shaped

· Similar to the normal distribution, but the mean does not exist

· 
[image: image405.wmf]q

 is the median

· the ratio of two standard normals is Cauchy

Lognormal: 
[image: image406.wmf](
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· used when the logarithm of a random variable is normally distributed

· used in applications where the variable of interest is right skewed

Double Exponential: 
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· reflects the exponential around its mean

· symmetric with “fat” tails

· has a peak ( sharp point = nondifferentiable) at x=
3.3: Exponential Families (Casella-Berger)

A pdf is an exponential family if it can be expressed as 
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This can also be written as 
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The set 
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 is called the natural parameter space.  H is convex.

3.4: Location and Scale Families (Casella-Berger)

SEE COX 
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Chapter 4: Multiple Random Variables

4.1: Joint and Marginal Distributions (Casella-Berger)

An n-dimensional random vector is a function from a sample space S into Rn, n-dimensional Euclidean space.

Let (X,Y) be a discrete bivariate random vector.  Then the function f(x,y) from R2 to R  defined by f(x,y)=fX,Y(x,y)=P(X=x,Y=y) is called the joint probability mass function or the joint pmf of (X,Y).

Let (X,Y) be a discrete bivariate random vector with joint pmf fX,Y(x,y).  Then the marginal pmfs of X and Y are 
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On the continuous side, the joint probability density function or joint pdf is 
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The continuous marginal pdfs are 
[image: image415.wmf](

)

(

)

ò

¥

¥

-

=

dy

y

x

f

x

f

X

,

 and 
[image: image416.wmf](

)

(

)

ò

¥

¥

-

=

dx

y

x

f

x

f

Y

,

, -
[image: image417.wmf]¥

<x.y<
[image: image418.wmf]¥

.

Bivariate Fundamental Theorem of Calculus ( 
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4.2: Conditional Distributions and Independence (Casella-Berger)

The conditional pmf/pdf of Y given that X=x is the function of y dentoed by f(y|x) and defined as 
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The expected value of g(X,Y) is 
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The conditional expected value of g(Y) given X=x is 
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The conditional variance of Y given X=x is 
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X and Y are independent.

Theorem 4.2.1:  Let X and Y be independent random variables.  Then

(a) For any 
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(b) Let g(x) be a function only of x and h(y) be a function only of y.  Then 
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4.3: Bivariate Transformations (Casella-Berger)

Theorem 4.3.1:  If X ~ Poisson() and Y ~ Poisson() and X and Y are independent, then 

X+Y ~ Poisson().

Jacobian: 
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Bivariate Transformation:  
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Theorem 4.3.2:  Let X and Y be independent random variables.  Let g(x) be a function only of x and h(y) be a function only of y.  Then U=g(x) and V=h(y) are independent.

4.4: Hierarchical Models and Mixture Distributions (Casella-Berger)

A hierarchical model is a series of nested distributions.

A random variable X has a mixture distribution if it is dependent upon another random variable which also has a distribution.

Useful Expectation Identities:

· 
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4.5: Covariance and Correlation (Casella-Berger)

The covariance of X and Y is denoted by
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The correlation or correlation coefficient of X and Y is denoted by
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Theorem 4.5.2:  If X and Y are independent, then Cov(X,Y) = 0.

Theorem 4.5.3:  If X and Y are random variables and a and b are constants, then 

Var(aX + bY)=a2 Var(X) + b2 Var(Y) + 2abCov(X,Y).

Definition of the bivariate normal pdf:
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Properties of bivariate normal pdf:

1. The marginal distribution of X is N(X,X).

2. The marginal distribution of Y is N(Y,Y).

3. The correlation between X and Y is XY = .

4. For any constants a and b, the distribution of aX+bY is 

N(aX + bY, a2X + b2Y + 2abXY).

4.6: Multivariate (Casella-Berger)

joint pmf (discrete):  
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· This can also be shown as 
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joint pdf (continuous):   
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The marginal pmf or pdf of any subset of the coordinates [image: image444.wmf](
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can be computed by integrating or summing the joint pmf or pdf over all possible values of the other coordinates.

conditional pdf or pmf:  
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Let n and m be positive integers and let [image: image446.wmf]n
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on the set of [image: image452.wmf](
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Multinomial Theorem:  Let m and n be positive integers.  Let A be the set of vectors 
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Recall: 
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Note: A linear combination of independent normal random variables is normally distributed.
4.7: Inequalities and Identities (Casella-Berger)

NUMERICAL INEQUALITIES:

Lemma 4.7.1:  Consider a>0 and b>0 and let p
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:  Let X and Y be random variables and p and q satisfy Lemma 4.7.1.  Then 
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When p=q=2, this yields the
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Liapunov’s Inequality:  
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NOTE:  Expectations are not necessary.  These inequalities can also be applied to numerical sums, such as this version of
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FUNCTIONAL INEQUALITIES:

Convex functions “hold water” (i.e. bowl-shaped) whereas concave functions “spill water”.  It is also said that if you connect two points with a line segment, then a convex function will lie below the segment and a concave function above.

Jensen’s Inequality:  For any random variable X, if g(x) is a convex (bowl-shaped) function, then 
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Covariance Inequality:  Let X be a random variable and g(x) and h(x) any functions such that Eg(X), Eh(X), and E(g(X)h(X)) exist.  Then

(a) If g(x) is a nondecreasing function and h(x) is a nonincreasing function, then 
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(b) If g(x) and h(x) are either both nondecreasing or both nonincreasing, then
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PROBABILITY INEQUALITY
Chebychev’s Inequality:  Let X be a random variable and let g(x) be a nonnegative function.  Then for any r>0, 
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IDENTITIES

Recursive Formula for Poisson Distribution:  
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Theorem 4.7.1:  Let 
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Stein’s Lemma:  Let 
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Theorem 4.7.2:  Let 
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 denote a chi-squared random variable with p degrees of freedom.  For any function h(x), 
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Theorem 4.7.3 (Hwang):  Let g(x) be a function with 
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(b) If 
[image: image490.wmf](

)

,

,

~

p

r

Binomial

Negative

C

 
[image: image491.wmf](

)

(

)

(

)

(

)

÷

ø

ö

ç

è

æ

-

C

-

C

+

C

E

=

C

-

E

1

1

1

g

r

g

p

.

_1148650187.unknown

_1149403944.unknown

_1152271647.unknown

_1152275696.unknown

_1152280088.unknown

_1152282337.unknown

_1152516043.unknown

_1152518909.unknown

_1152562819.unknown

_1152564150.unknown

_1152612786.unknown

_1154164352.unknown

_1154164354.unknown

_1154164356.unknown

_1154164357.unknown

_1154164355.unknown

_1154164353.unknown

_1152613109.unknown

_1152613232.unknown

_1152613259.unknown

_1152613171.unknown

_1152613018.unknown

_1152611987.unknown

_1152612409.unknown

_1152612695.unknown

_1152612390.unknown

_1152609789.unknown

_1152609835.unknown

_1152609671.unknown

_1152563427.unknown

_1152563634.unknown

_1152564008.unknown

_1152563588.unknown

_1152563276.unknown

_1152563402.unknown

_1152563232.unknown

_1152519816.unknown

_1152559448.unknown

_1152562492.unknown

_1152562529.unknown

_1152560072.unknown

_1152559356.unknown

_1152559407.unknown

_1152519900.unknown

_1152519319.unknown

_1152519365.unknown

_1152518918.unknown

_1152517049.unknown

_1152518637.unknown

_1152518725.unknown

_1152516394.unknown

_1152516421.unknown

_1152517014.unknown

_1152516054.unknown

_1152515259.unknown

_1152515282.unknown

_1152515973.unknown

_1152514159.unknown

_1152514194.unknown

_1152514822.unknown

_1152514113.unknown

_1152283167.unknown

_1152280310.unknown

_1152280430.unknown

_1152280529.unknown

_1152280350.unknown

_1152280118.unknown

_1152279106.unknown

_1152279723.unknown

_1152279851.unknown

_1152279783.unknown

_1152279670.unknown

_1152279678.unknown

_1152279661.unknown

_1152275894.unknown

_1152276034.unknown

_1152276085.unknown

_1152275915.unknown

_1152275765.unknown

_1152275822.unknown

_1152275739.unknown

_1152274382.unknown

_1152275079.unknown

_1152275424.unknown

_1152275664.unknown

_1152275101.unknown

_1152275135.unknown

_1152275085.unknown

_1152274704.unknown

_1152274867.unknown

_1152275058.unknown

_1152274795.unknown

_1152274509.unknown

_1152274634.unknown

_1152274501.unknown

_1152274400.unknown

_1152274423.unknown

_1152273240.unknown

_1152274066.unknown

_1152274332.unknown

_1152274367.unknown

_1152274310.unknown

_1152273704.unknown

_1152273911.unknown

_1152273296.unknown

_1152272826.unknown

_1152272938.unknown

_1152273086.unknown

_1152272839.unknown

_1152272756.unknown

_1152272784.unknown

_1152271700.unknown

_1152272724.unknown

_1149405243.unknown

_1150714759.unknown

_1151333771.unknown

_1152091216.unknown

_1152271231.unknown

_1152271342.unknown

_1152271511.unknown

_1152271321.unknown

_1152203398.unknown

_1152220277.unknown

_1152220719.unknown

_1152221099.unknown

_1152221196.unknown

_1152221282.unknown

_1152221563.unknown

_1152221226.unknown

_1152221139.unknown

_1152221065.unknown

_1152220511.unknown

_1152220638.unknown

_1152220363.unknown

_1152219849.unknown

_1152219903.unknown

_1152219947.unknown

_1152219876.unknown

_1152219665.unknown

_1152219818.unknown

_1152203522.unknown

_1152201084.unknown

_1152201758.unknown

_1152202043.unknown

_1152203176.unknown

_1152203090.unknown

_1152201928.unknown

_1152201676.unknown

_1152201350.unknown

_1152201543.unknown

_1152093479.unknown

_1152201022.unknown

_1152201040.unknown

_1152201008.unknown

_1152092706.unknown

_1152093470.unknown

_1152093163.unknown

_1152093216.unknown

_1152092624.unknown

_1152092664.unknown

_1152092596.unknown

_1151857966.unknown

_1152021384.unknown

_1152088707.unknown

_1152091084.unknown

_1152091135.unknown

_1152090370.unknown

_1152090950.unknown

_1152089733.unknown

_1152024548.unknown

_1152088534.unknown

_1152024441.unknown

_1151858322.unknown

_1151858444.unknown

_1152021352.unknown

_1151858435.unknown

_1151858203.unknown

_1151858305.unknown

_1151858172.unknown

_1151856914.unknown

_1151857483.unknown

_1151857697.unknown

_1151857820.unknown

_1151857572.unknown

_1151857068.unknown

_1151857346.unknown

_1151856923.unknown

_1151847952.unknown

_1151856816.unknown

_1151856868.unknown

_1151848215.unknown

_1151333937.unknown

_1151847867.unknown

_1151333781.unknown

_1151261046.unknown

_1151330690.unknown

_1151331090.unknown

_1151331731.unknown

_1151331980.unknown

_1151332203.unknown

_1151331104.unknown

_1151330942.unknown

_1151330356.unknown

_1151244453.unknown

_1151250155.unknown

_1151260362.unknown

_1151260791.unknown

_1151260846.unknown

_1151260908.unknown

_1151260769.unknown

_1151250756.unknown

_1151251038.unknown

_1151250652.unknown

_1151246708.unknown

_1151247173.unknown

_1151246385.unknown

_1151244799.unknown

_1151244817.unknown

_1151244667.unknown

_1151243725.unknown

_1151244076.unknown

_1150715420.unknown

_1150714943.unknown

_1149406324.unknown

_1149409161.unknown

_1150711802.unknown

_1150714249.unknown

_1150714350.unknown

_1150714531.unknown

_1150714280.unknown

_1150713430.unknown

_1150713726.unknown

_1150712681.unknown

_1149409252.unknown

_1150711596.unknown

_1150711649.unknown

_1150711363.unknown

_1150711417.unknown

_1149409428.unknown

_1149409189.unknown

_1149409060.unknown

_1149409120.unknown

_1149409147.unknown

_1149406423.unknown

_1149406517.unknown

_1149409035.unknown

_1149406793.unknown

_1149406449.unknown

_1149406368.unknown

_1149405654.unknown

_1149406117.unknown

_1149406184.unknown

_1149406288.unknown

_1149406144.unknown

_1149405777.unknown

_1149405810.unknown

_1149405767.unknown

_1149405562.unknown

_1149405625.unknown

_1149405514.unknown

_1149405307.unknown

_1149405476.unknown

_1149405266.unknown

_1149404726.unknown

_1149405023.unknown

_1149405109.unknown

_1149405140.unknown

_1149405055.unknown

_1149404914.unknown

_1149404948.unknown

_1149404757.unknown

_1149404616.unknown

_1149404646.unknown

_1149404674.unknown

_1149404631.unknown

_1149404117.unknown

_1149404157.unknown

_1149404580.unknown

_1149403989.unknown

_1149401410.unknown

_1149403325.unknown

_1149403476.unknown

_1149403574.unknown

_1149403632.unknown

_1149403506.unknown

_1149403385.unknown

_1149403412.unknown

_1149403355.unknown

_1149401838.unknown

_1149402008.unknown

_1149403271.unknown

_1149402941.unknown

_1149401879.unknown

_1149401716.unknown

_1149401803.unknown

_1149401680.unknown

_1148651772.unknown

_1149401222.unknown

_1149401338.unknown

_1149401382.unknown

_1149401290.unknown

_1148652281.unknown

_1148652298.unknown

_1148652243.unknown

_1148651070.unknown

_1148651672.unknown

_1148651711.unknown

_1148651724.unknown

_1148651741.unknown

_1148651685.unknown

_1148651317.unknown

_1148651662.unknown

_1148651128.unknown

_1148650754.unknown

_1148650892.unknown

_1148651038.unknown

_1148650783.unknown

_1148650705.unknown

_1148650727.unknown

_1148650694.unknown

_1148644969.unknown

_1148646629.unknown

_1148648492.unknown

_1148649049.unknown

_1148649428.unknown

_1148650154.unknown

_1148650166.unknown

_1148649444.unknown

_1148649323.unknown

_1148649354.unknown

_1148649293.unknown

_1148648774.unknown

_1148648885.unknown

_1148649023.unknown

_1148648848.unknown

_1148648636.unknown

_1148648746.unknown

_1148648584.unknown

_1148647597.unknown

_1148647802.unknown

_1148648419.unknown

_1148648476.unknown

_1148647885.unknown

_1148647690.unknown

_1148647075.unknown

_1148647496.unknown

_1148647520.unknown

_1148647476.unknown

_1148646967.unknown

_1148647034.unknown

_1148646790.unknown

_1148645717.unknown

_1148646028.unknown

_1148646460.unknown

_1148646566.unknown

_1148646606.unknown

_1148646190.unknown

_1148646259.unknown

_1148646373.unknown

_1148646140.unknown

_1148645815.unknown

_1148645831.unknown

_1148645761.unknown

_1148645065.unknown

_1148645197.unknown

_1148645290.unknown

_1148645117.unknown

_1148645009.unknown

_1148645039.unknown

_1147525181.unknown

_1147527756.unknown

_1148644787.unknown

_1148644907.unknown

_1148644809.unknown

_1147527947.unknown

_1148644749.unknown

_1147527826.unknown

_1147526947.unknown

_1147527467.unknown

_1147527575.unknown

_1147527226.unknown

_1147525369.unknown

_1147526782.unknown

_1147525192.unknown

_1147523122.unknown

_1147524769.unknown

_1147525002.unknown

_1147525163.unknown

_1147525086.unknown

_1147524973.unknown

_1147523284.unknown

_1147523319.unknown

_1147523258.unknown

_1147522886.unknown

_1147522960.unknown

_1147523048.unknown

_1147522905.unknown

_1147522539.unknown

_1147522568.unknown

_1147522166.unknown

