Weeks 3 - 5:  Decision Support tools for operational management (Part 1)

Introduction
Our focus through Weeks 3, 4 and 5 will be upon the (largely numerical) techniques that are deployed to assist operational managers in making decisions relating to their area of responsibility.  Operational management (as studied in “operations research”) in business may concern supply chain or production issues (procurement, re-ordering, logistics, inventory management, process flow) or any area of business operations that requires decisions about allocation of resources and the maximisation of benefit (profit) versus the minimisation of cost (risk).  Often, day-to-day operational decisions are taken individually (but not always) and require access to the best available information on which to base forecasts to meet business needs.

Over the next three weeks, we will investigate, view case studies and undertake exercises in relation to the following commonly used ‘decision support tools’ for operational decision-making:

· Operational supply chain issues and use of “break-even” and “job sequencing” analysis to support optimal decisions about demand and resource allocation;
· Use of decision trees and decision tables to evaluate “expected monetary value (EMV)” of decision alternatives;
· Variants of decision tree analysis including “Analytical Hierarchy Process” modelling, pairwise comparison amongst alternative options;
· Linear optimisation methods (simplex methods) – introduction to linear programming techniques for selecting optimal solutions to decision-making problems.

BDM and Operations Management (OM):
· Operations management:
· a central branch of management science,
· combines theory and practice emphasising quantitative and statistical models or techniques to support decision making. 
· In these sessions, we select some OM activities to introduce various practical business decision making support techniques.
In every section or department of a business, operations managers (supply chain managers, production managers, human resource managers, finance managers, marketing managers, customer service managers, . . .) are responsible for critical decisions affecting the business (for example):
· Forecasting
· What will be the customer demand in the next few weeks/months/years?
· What will be the most likely sales figures in the future?
· How should scheduling and planning staff / work allocations be optimised?
· Which jobs do we perform next?
· What is the best job process sequence to minimise the processing time and maximise the contribution from the workforce?
· How to minimise waste of resources and maximise production?
· Quality management
· How do we define quality?
· How should we measure quality and performance in the supply chain, in production operations and in customer-facing operations?
· Inventory management
· How much inventory should we have?
· How much to order and when to order to meet demand?
· Which processes, technologies, controls best reduce ‘shrinkage’ (loss through wastage, damage, theft, delay, . . .)?
· Supply-chain management (SCM)
· Which supplier should we select? 
· Should we insource or outsource our products/services/non-core operations?
· How best to distribute products/services to customers? Via which channels?

The activities and exercises will focus upon the use of numerical techniques to enable operations managers to be effective decision-makers in answering questions like the above.  We will initially concentrate upon demand-related problems – but the techniques introduced are generic and may also be deployed in solving decision-making problems in other areas of business operations.

In preparation for this work, I introduce each decision-support technique with a worked example.  Thereafter (Activities), I ask that you work through further examples to convince yourself that you understand how the techniques work – also to understand and illustrate their benefits and limitations.  Solutions to the exercises (they are not marked as an assignment for the module) will be provided after Week 5.

We start with some simple techniques for forecasting.  There are a variety of types of forecast required in business operations:
Economic forecasts:
· Address the business cycle – calculate expected demand based on inflation rate, money supply, employment rate, consumer confidence, activity within the business sector (competition).
Technology forecasts:
· Predict rate of technological progress.
· Assess impact upon development of new products.
Demand forecasts:
· Predict sales of existing product.
· Anticipate future customer demand.
We look first at techniques used for the third of these – demand forecasting.  These fall largely into two types:
Time series methods:
· statistical techniques that use historical demand data to predict future demand.
Associative Methods:
· attempt to develop a mathematical relationship between demand and the factors that indicate how it changes.
Time Series Methods[footnoteRef:1]: [1:  Some of the examples and illustrations in the following have been taken from: Roberta Russell & Bernard W. Taylor (2006),Operations Management, 5th edition, Wiley & Co., C11.] 

A number of forecasting techniques fall under the category of “Time Series” methods:
· Assume that what has occurred in the past will continue to occur in the future.
· Relate the forecast to only one factor – time.
· Methods include:
· Naive approach 
· Moving average
· Exponential smoothing
· Linear trend line (trend projection)
Naïve Approach:
· Assumes demand in the next period will be the same as demand in the corresponding past period. For example, if June sales last year were 50 (units), then June sales this year will be 50 (units).
· Sometimes a cost effective and efficient approach, because of its simplicity.
Moving Average Approach (MA):
· MA is a series of arithmetic means calculated from previous months’ / years’ data.
· It is used if no trend data are available or if demand is non-volatile.
· The method provides an overall impression of changes over time.[footnoteRef:2] [2:  See, for example, the definition given by Investment Advisory Service “Investopedia”, here (Accessed: 27/07/2013)] 

For example (monthly demand calculated as a quarterly MA):
	Month
	Actual Unit Sales
	MA (Quarterly)

	January
	10
	

	February
	12
	

	March
	13
	

	April
	16
	(10+12+13)/3 = 11.66 (i.e. 12)

	May
	19
	(12+13+16)/3 = 13.66 (i.e. 14)

	June
	23
	(13+16+19)/3 = 16.00

	July
	26
	(16+19+23)/3 = 19.33 (i.e. 19)


[image: ]
Calculating MA is a simple technique which is useful in conditions where demand (or, for that matter, supply or resource allocation) is not especially volatile (subject to rapid changes).  As the graph above illustrates, however, it tends to mirror past events without regard for present (or potential future) fluctuations.  An alternative to the simple MA calculation is to consider attaching weights to fluctuations in the input (or expected output) quantities to generate “weighted averages” (e.g. per quarter) based upon past data combined with estimates of likely fluctuations.  This is known as the “weighted moving average (WMA)” demand for the units concerned.
Weighted Moving Average Approach (WMA):
· WMA adjusts the moving average (MA) method to reflect data fluctuations more closely.[footnoteRef:3] [3:  See, for example, the definition given by Investment Advisory Service “Investopedia”, here (Accessed: 27/07/2013)] 

· WMA is used when a trend is present as the basis on which to predict future fluctuations.
· Older data are rendered less important owing to the method of calculation.
· Weights are based on experience and intuition – subjective probabilities of likely outcomes derived from past trends.
The Weighted Moving Average (WMA) for a given period n 
= ∑((weight for period n) x (demand in period n))
WMA example:
	Month
	Weight
	Data (e.g. units sold)

	August
	17%
	130

	September
	33%
	110

	October
	50%
	90


Weights are estimated from trends in the data from previous periods and must sum to 100% for the current period.  Then the WMA is calculated as the sum of the products of the weights and data items; so the WMA forecast for November, in this example, would be:

November forecast sales = (0.17 * 130) + (0.33 * 110) + (0.50 * 90) = 103.4 (103 units)

We can compare forecasts using WMA and MA by plotting both for the MA example introduced above – assigning the following weights to the data:

	Weight Applied
	

	0.5
	Last month

	0.3
	Two months ago

	0.2
	Three months ago

	Total = 1.0
	



	Month
	Actual Unit Sales
	WMA (Quarterly)
	MA

	January
	10
	
	

	February
	12
	
	

	March
	13
	
	

	April
	16
	((0.2*10)+(0.3*12)+(0.5*13))/3 = 12.1
(i.e. 12)
	11.66

	May
	19
	((0.2*12)+(0.3*13)+(0.5*16))/3 = 14.3
 (i.e. 14)
	13.66

	June
	23
	((0.2*13)+(0.3*16)+(0.5*19))/3 = 16.9
(i.e. 17)
	16.00

	July
	26
	((0.2*16)+(0.3*19)+(0.5*23))/3 = 20.1
(i.e. 20)
	19.33



-- which would yield the following comparison graph (projected over the year):
[image: ]
As the graph makes clear, though the trend lines for both MA and WMA mirror actual sales quite well in terms of slope, they under-estimate in mid-year and over-estimate in the final quarter.  This is the result of first quarter (Q1) sales being low which depresses both moving averages; then high values in mid year exaggerate the forecasts for the final quarter (Q4).  WMA performs slightly better than MA (for this data) in predicting a steeper decline in Q4.

Potential Problems with Moving Averages:
· They do not always forecast trends well – especially in volatile circumstances.
· They require extensive historical data in order to project a trend line over the longer term (for example, an entire year).
· Experience is needed to estimate the best weights to apply for WMA.

Exponential Smoothing Approach:
A widely used technique for forecasting based on time series data is “exponential smoothing” (ES).  It is less vulnerable to risks, owing to large fluctuations, of under-estimating and/or over-estimating than “moving average” approaches are.[footnoteRef:4] [4:  See, for example, the definition given by Investment Advisory Service “Investopedia”, here (Accessed: 27/07/2013)] 


· ES is a form of weighted moving average.
· Allocated weights decline exponentially in their contribution to the forecast trend.
· The most recent data are weighted more than older data.
· ES requires a ‘smoothing constant’ () derived from experience.
· The smoothing constant ranges from 0 to 1.
· It is subjectively chosen based on experience and intuition.
· ES requires less record keeping of past data to make a forecast.

ES is defined as follows:
New forecast = last period’s forecast +  * (last period’s actual demand – last period’s forecast).

More formally:
Ft = Ft – 1 +  (At – 1 - Ft – 1)
where Ft is the current forecast, Ft – 1  is the previous forecast,  is the smoothing constant (between 0 and 1), and At – 1 is actual demand from the previous period.

Equivalently, this can be written as:
	Ft  =  At-1 + (1 - )Ft-1

Here is a worked example of ES using the alternative calculation, above:

[image: ]

Viewed graphically, the use of ES makes it possible to compare the effects of different “smoothing constants ()” – as exhibited in the graph below:
[image: ]
The overall effect of ES is to provide trend lines which “flatten out” the fluctuations in month-by-month data to project possible future growth or contraction.

In general, for many operational management decisions, a combination of techniques may be used to find an appropriate forecast based on trends.  Where historical data provide a (relatively) reliable trend line ES may be adjusted to accommodate not just the “smoothing constant ()” but trend lines derived from historical data.

Trend data may take a number of forms – typically classified as follows:

Forms of demand behaviour:
· Trend
· a gradual, long-term up or down movement of demand.
· Random variations
· movements in demand that do not follow a pattern.
· Cycle
· an up-and-down repetitive movement in demand.
· Seasonal pattern
· an up-and-down repetitive movement in demand occurring periodically.
Each of these forms of demand behaviour may be exhibited in ES forecasting of future demand.  These may be accommodated by refining exponential smoothing (ES) to take the form of (historical) demand behaviour into account:
[image: ][footnoteRef:5] [5:  Roberta Russell and Bernard W. Taylor (2006), Operations Management, Quality and Competitiveness in a Global Environment, 5th Edition, Wiley & Co.,Chapter 11] 



When a historical trend is present, ES must be modified to adjust forecasting in relation to the trend.  This is achieved by factoring in another “smoothing” constant (β) into the formula for calculating demand using ES:

Adjusted Forecast with Trend (AFt) = Exponentially smoothed forecast (Ft) + Exponentially smoothed trend (Tt)

More formally:

	AFt  = Ft  + Tt 
where
	Ft = (At - 1) + (1 - )(Ft - 1 + Tt -1 )	and
[bookmark: _GoBack]	Tt = (Ft  - Ft - 1) + (1 - )(Tt – 1)

The effect of incorporating the adjustment to ES based on the form of trend exhibited by historical data is illustrated in the following graph – where it is important to note how the forecast with beta () adjustment is closer to the trend than the standard alpha () smoothing forecast:
[image: ]

Trend Projection in time series forecasting:
“Trend Projection” is a time-series forecasting method to: 
·   fit a trend line to historical data points,
·   and then project the trend into the medium-to-long term future.

Linear trends can be found using the least squares technique[footnoteRef:6] – similar to the statistical techniques used in regression analysis. [6:  See, for example, T. Strutz (2010). Data Fitting and Uncertainty (A practical introduction to weighted least squares and beyond). Vieweg &Teubner. ISBN 978-3-8348-1022-9] 

The method starts from the basic linear equation:
	y = a + bx		where
x = the time period concerned; 
y = the units / resources of interest (e.g. demand); 
a = the y-axis intercept (data point on y when x = 0); 
b = the slope of the ‘best fit’ line for the data.

The least squares method is a statistical method. It results in a straight line that minimises the sum of the squared deviations from the forecast on the line and the actual observations – as illustrated below:

[image: ]

Calculating the linear trend line using this method makes use of the following formulae:

[image: ]

The steps in calculating the trend line are as follows:

1. First calculate
· Sigma X (sum of the x values),
· Sigma Y,
· Sigma XY (sum of the products of x and y) and
· Sigma X2 
2. Then
· X bar, Y bar -- the means of the x and y values
· a and b   -- the intercept and the slope using the formulae, above.
3. Finally, 
· Calculate the linear trend line for the data points: y = a + bx
· Plot the line compared to the actual observations on a line graph
Example:
The example shown below calculates demand over a seven year period and computes a (positive) slope of 10.54 increase in demand, year-on-year, with an initial ‘intercept’ (when x = 0) of 56.70 units.

[image: ]

So the trend line solution for the linear equation is: y = 56.70 + 10.54x

If we plot the straight line graph for this solution against the actual data for demand, then we get the “best fit” projection based on the least squares method (below):



[image: ]
Summary:
In these sessions we have concentrated upon the most frequently used techniques in OM for forecasting (for example, demand) based upon historical data and calculation of trends. 

Convince yourself that you understand the reasoning and the mathematics behind these numerical techniques for forecasting, from the examples given; then attempt the exercises on using MA, WMA, ES and trend projection tabulated below.

These exercises are not marked – but you should post your solutions (or any questions about how to reach a solution) to the module discussion forum.

An example demonstration of using Excel to calculate some of these examples is included in the links, below.  You may wish to use this demonstration as a template for your own attempts at completing the exercise.  Simply add another worksheet to the Excel file and try to carry out similar calculations for the data given in the exercise; then use the “charting” tools in Excel to create visual representations of your solutions.

Coming Next (Part 2):
· Associative Methods for forecasting – using regression analysis
· Operational supply chain issues and use of “break-even” and “job sequencing” analysis to support optimal decisions about resource allocation;
· Use of decision trees and decision tables to evaluate “expected monetary value (EMV)” of decision alternatives;
· Linear optimisation methods (simplex methods) – introduction to linear programming techniques for selecting optimal solutions to decision-making problems.
Activity 1 (9 hours):
Exercises on analysing and interpreting time-series data:
	Exercises
	Resources

	Forecasting Exercise 1

Exercise 1
	Download the linked Exercise file and use Excel (or other) tools to prepare and present solutions to the problems posed using “moving averages”.

	Forecasting Exercise 2

Exercise 2
	Download the linked Exercise file and use Excel (or other) tools to prepare and present solutions to the problems posed using “linear trend projection” and regression.

	Template example.

Demonstration of using 
Excel to calculate moving
averages.


Excel_time_series_sample.
	The linked Excel file provides an illustration of how “moving averages” and linear trend projection may be used in forecasting future demand. [You will need to accept “Enable Macros” when you download and open the file].

Use the controls provided (scroll bars and sliders) to adjust the values displayed for each period (or just type new values directly into the control cells).  Work slowly through the examples in the different tabbed worksheets, then try to build your own worksheet models to demonstrate your solutions to Exercises 1 and 2.

	Case Study Video:
“Hard Rock Café” 

Forecasting Video
© SUNY Business School, 2005
	View the short video – available from the link provided (.MOV file, playable in QuickTime or Windows Media Player).  It provides a brief summary of MA and WMA techniques used by  the “Hard Rock Café”  company in forecasting supplies and performance of menu items.

After viewing the clip, try to relate its content to the examples you select for Activity 2, from your own business or organisational context.

	Activity 2 (3 hours): 

	Study the reading (Cranage, 2003 – available below) about applied time series forecasting in the hospitality sector.  Find comparison applications from your own organisation, workplace or business context.  

	Cranage, D., (2003)
	The Cranage reading “Practical time series forecasting for the hospitality manager” compares various time-series forecasts of gross sales in seasonally volatile hospitality sector contexts.  

Consider the comments and evaluations Cranage reports and seek examples from your own organisational or business context where these techniques are either used already or may be usefully deployed.  Post your examples to the module’s discussion forum, together with your own evaluation of the practical application of these techniques. Review the examples posted by others as an opportunity to compare your understanding with those of your cohort.


Guidance:
These activities recognise that you will better understand the techniques for forecasting based on time-series data by seeking to apply them in (semi-) realistic business contexts.  Keep your focus upon what the core ideas of ‘moving average’ calculations and ‘linear trend’ projections are showing you about the difficulties any operational manager may face in seeking to forecast future trends based on historical data.  Consider carefully which of the techniques provide a better basis for predicting future demand (or resource allocation) with due regard for the limitations and risks associated with ‘time-series’ approaches. These exercises are not marked, so share your results and comments with other module participants.  Often, there will not be a single “best answer” – so interpretation of the results of your calculations is central to understanding the benefits and limitations of the methods adopted.



Purpose:
The aim of these activities is to sharpen your skills in using standard forecasting techniques in operational management contexts – extending this to enable critical evaluation of the accuracy and reliability of these techniques.   The aim of the second Activity is to invite you to find applications of these techniques in your own business or organisational context – and to share these with other participants in the BDM module.

Summary of Activities
	
Activity 1: Use the quantitative tools introduced to solve operational management (forecasting) problems introduced in this session	(9 hours) 

Activity 2: Locate, describe and analyse operational management processes and procedures which require the forms of time-series forecasting introduced in this session: 	(3 hours)




References used:
Case Study: “Hard Rock Café”, (2005) Forecasting Video, (Forecasting.MOV), downloaded from SUNY Business School, (Accessed: 27/07/2013)
Cranage, D., (2003), “Practical Time Series Forecasting for the hospitality manager”, International Journal of Contemporary hospitality management, 15, No. 2, 86 – 93.
Investment Advisory Service, “Investopedia”, http://www.investopedia.com/terms/s/sma.asp,  (Accessed: 27/07/2013)
Russell, R., Taylor, B.W., (2006),Operations Management, 5th edition, Wiley & Co.
Strutz, T., (2010). Data Fitting and Uncertainty (A practical introduction to weighted least squares and beyond). Vieweg &Teubner. ISBN 978-3-8348-1022-9
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Exponential Smoothing Example

(a=0.30)

PERIOD MONTH  DEMAND FORCAST
1 Jan 37 37
2 Feb 40 4/
3 Mar: 41 97
4 Apr. 37 72
5 May, 45 72
6 Jun 50, 4
7 Jul 43 ??
8 Aug 47 22
9 Sep 56 22
10 Oct. 52 ??
il Nov. 55 77
12 Dec 54 77,
13 Jan B 21

F, =aA, +(1-a)F,
(0.30)(37) + (0.70)(37)
=37

Fy =ah, +(1-a)F,
= (0.30)(40) + (0.70)(37)
=379

Fiy=0A,+(1-0)F,
= (0.30)(54) + (0.70)(50.84)
=51.79
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