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Lecture 2.  Modeling & Forecasting Trend
Toptics:

· Modeling & Forecasting Trend 

· Evaluating Forecasts 

Read:


Diebold Ch 4 (easy); Diebold Ch 11.2

1.  Modeling & Forecasting Trend 

 Linear TREND

Consider a regression with a time trend


Yt = a + b(t + et 
t=1,2,.., T

Then,  eq \O(b,^) = average increase of Yt per year
Note: If we use YEAR instead of t, the estimate of the slope coefficient remains the same.



Example

	Yt
	t
	time
	YEAR

	123
	1
	1
	1996

	134
	2
	2
	1997

	143
	3
	3
	1998

	150
	4
	4
	1999

	158
	5
	5
	2000


Regression results

 eq \O(Y,^)t = 115.8  +  8.6 ( t    or
 eq \O(Y,^)t = -17041.2 +  8.6 ( YEAR        (note: YEAR = t + 1995)
Thus, the average increase per year is 8.6.
Forecasting Trend

	Yt
	t
	time
	YEAR

	123
	1
	1
	1996

	134
	2
	2
	1997

	143
	3
	3
	1998

	150
	4
	4
	1999

	158
	5
	5
	2000

	?
	6
	6
	2001

	?
	7
	7
	2002



 eq \O(Y,^)6 = 115.8  +  8.6 ( 6   = 167.40 


or   eq \O(Y,^)2001 = -17041.2 +  8.6 ( 2001 = 167.40

 eq \O(Y,^)7 = 115.8  +  8.6 ( 7   = ?
TREND in LOG
What if? 



log(Yt) = a + b(t + et 
t=1,2,.., T

What does the estimate of b imply?   eq \O(b,^) = ?
log( eq \O(Y,^)t) = 4.765 +  0.061 ( t      (or log( eq \O(Y,^)t) = -117.65 +  0.061 ( t  )



0.061 =   



Forecasts From Logged model
	Yt
	t
	YEAR 
	log(Yt)

	123
	1
	1996
	

	134
	2
	1997
	

	143
	3
	1998
	

	150
	4
	1999
	

	158
	5
	2000
	

	?
	6
	2001
	?

	?
	7
	2002
	?


      log( eq \O(Y,^)6) = 4.765 +  0.061 ( 6   = 5.131

 eq \O(Y,^)6  = e5.131 = 169.18     

  why?   log(y) = x    y = ex
    Ex)  log( eq \O(Y,^)7) =  ?

and   eq \O(Y,^)7 = ?
Note:  We often use log-linear model when Y increases exponentially.
Monthly Data (quarterly data, daily data, weekly data…)

	Yt
	Month
	t

	5.81
	Jan-05
	1

	5.80
	Feb-05
	2

	5.73
	Mar-05
	3

	5.67
	Apr-05
	4

	5.70
	May-05
	5


       eq \O(Y,^)t = 5.847 -  0.035 ( t  


Thus, the average decrease per month is 0.035
     log( eq \O(Y,^)t) = 1.766 – 0.006 ( t   

     he average decrease in growth rates per month is 0.6%.
Quadratic TREND



Yt = a + b1(t + b2(t2 + et 
t=1,2,.., T
If b2 > 0, U-shaped. 

If b2 < 0, inverse U-shaped.
Calculating Growth Rates
rt =   eq \f( yt - yt-1, yt-1 ) ( 100 %  =  eq \f( Dyt , yt-1 ) ( 100 %  
This is the standard definition of the (arithmetic) growth rates.

But, consider the average growth rates.
	t
	Yt
	rt

	0
	100
	-

	1
	150
	50%

	2
	75
	-50%

	
	average
	0%



          Is it right?

Calculating Geometric Growth


The basic equation for geometric growth is Yt = Y0(1+r)t 


    Y2  = Y0(1+r)2    75 = 100(1+r)2     (75/100) = (1+r)2 


  (0.75)1/2 = (1+r)   r = eq \r(0.75)  - 1 = 0.866 – 1 






  = -0.134  or -13.4%

  From this calculation, we want to obtain a CONSTANT growth 


  rate r.

In finance, people often use the following formula.


rt =  [log(yt) – log(yt-1)] ( 100 %

     The following example provides growth rates at each time period, 


  and we obtain the average of growth rates.  

	t
	Yt
	log(yt)
	rt = log(yt) – log(yt-1)

	0
	100
	4.605
	-

	1
	150
	5.011
	0.406

	2
	75
	4.317
	-0.694

	
	
	average
	-0.144

or – 14.4%



Important Note: 


(i) log(1+r) ( r  for small r.  



    (e.g., log(1.02) = log(1+0.02) ( 0.02; log(1.025) ( 0.025 


(ii) log(yt) – log(yt-1) = log( eq \f(yt , yt-1 )) = log( eq \f(yt-1 + Dyt, yt-1 ) ) =  log(1 +  eq \f(Dyt, yt-1 ) ) 

      = log(1 + r) ( r  


Note: Handout on Geometric growth rates and exercises

2.  Evaluating Forecasts 

Evaluating Forecasting Models

(a)  Mean Square Errors (MSE)

MSE =  eq \f( 1 , n ) eq \i\su(, , )(yt  -  eq \O(y,()t)2 


 yt  = Actual values

      eq \O(y,()t  = Forecasted values

(a)  Root MSE (RMSE) = eq \r(MSE)


People use RMSE for simplicity since MSE is a big number.
Example of MSE and RMSE:

  Retail Store Sales (Naïve and Modified Models)

Root-mean-squared error for years 2 through 7 is found using the following data.

	Year
	Retail Store Sales

yt
	Naïve Forecast
  eq \O(y,()t = yt-1
	Squared Error

(yt -  eq \O(y,()t)2

	1
	1,225
	 
	na

	2
	1,285
	1,225
	3,600

	3
	1,359
	1,285
	5,476

	4
	1,392
	1,359
	1,089

	5
	1,443
	1,392
	2,601

	6
	1,474
	1,443
	961

	7
	1,467
	1,474
	49

	8
	
	1,467
	

	
	
	RMSE =


	eq \r(13776/6)
= 47.917


Using the second-naive forecasting model, forecasts were generated with the adjustment parameter set equal to .20: 

 eq \O(y,()t = yt-1 + 0.2(yt-1- yt-2)
	Year
	Retail Store Sales

(yt)
	First Difference in Annual Sales

(yt-1 – yt-2)
	0.2 x First Difference in Annual Sales
	Modified Naïve Forecast  
( eq \O(y,()t)
	Squared Error

(yt -  eq \O(y,()t)2

	1
	1,225
	na
	na
	 
	na

	2
	1,285
	60
	12.0
	 
	na

	3
	1,359
	74
	14.8
	1,285+0.2*60

= 1,297
	3,844

	4
	1,392
	33
	6.6
	1,374
	331

	5
	1,443
	51
	10.2
	1,399
	1,971

	6
	1,474
	31
	6.2
	1,453
	433

	7
	1,467
	-7
	-1.4
	1,480
	174

	8
	
	na
	na
	1,466
	na

	
	
	
	
	RMSE =


	eq \r(6753/5)
=36.752


Note: Models with smaller MSE (RMSE) values are better.

Note:  This is the example of the In-sample (historic) MSE.  People often prefer examining Out-of-sample (hold-out period) MSE.
(b)  Mean Absolute Errors (MAE)

MAE =  eq \f( 1 , n ) eq \i\su(, , )|yt  -  eq \O(y,()t| 

.. Less frequently used, but robust in the presence of outliers (extreme values)

(b)  Mean Absolute Percentage Errors (MAPE)

MAE =  eq \f( 1 , n ) eq \i\su(, , )| (yt  -  eq \O(y,()t) / yt |
(c)  Mean Errors (ME)

ME =  eq \f( 1 , n ) eq \i\su(, , )(yt  -  eq \O(y,()t) 
.. Not a good measure due to cancellation, but it provides the information on the direction of bias of forecasts; if positive, forecasts are lower than actual values, and vice versa.

(f)  Theil’s U statistic


U = eq \r((yt  -  eq \O(y,()t)2  , eq \i\su(, , )(yt  - yt-1)2 )
)
    

.. compared with the naïve model (or any basic model)

If U < 1, the model forecasts better than the naïve model.  

If U > 1, the model forecasts worse than the naïve model.  

If U = 0, the model forecasts perfectly.

Evaluating Econometric Models Using Information Criteria (IC)
Akaike IC 

AIC  = log( eq \O((,^)2) + 2k/T


 eq \O((,^)2 (error variance) =  eq \f( 1 , T-k ) eq \i\su(t=1,T, )

 eq \O(u,^)t2 
  T = # of observations

  k = # of parameters (regressors)


Note: Models with smaller values are better.

Schwarz’s IC (SIC or BIC)
SIC  = log( eq \O((,^)2) + (k/T) log(T)
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