Using Regression Analysis To Continuously Monitor Exceptions

by Richard B. Lanza, CPA
As organizations are routinely bombarded with a plethora of constantly changing and complex quantitative information, analytical procedures are being utilized to absorb and make use of this information in a sophisticated fashion.  Just in the past decade, millions of business people have discovered that one of the most effective ways to analyze and evaluate decision alternatives involves using electronic spreadsheets to analytically model the decisions they face.  Using spreadsheet models, a business person can effectively analyze decision alternatives before choosing a specific plan for implementation.

Spreadsheet modeling can primarily assist audit departments by enhancing their productivity through improved audit focus.  Using a structured modeling approach to decision making will produce, on average, good outcomes more frequently than making decisions in a haphazard manner.  Questions such as, “Do I need to perform more a detailed review for duplicate payments this month or is the risk of loss at an acceptable level?” can be easily answered using this approach.  In essence, one of the main objectives of modeling, as it relates to auditing, is to match the limited resources of the department to the business risks associated with not meeting business objectives.

Therefore, this article will focus on the use of analytical procedures and, more specifically, regression analysis (“R.A.”) to assess those areas that are considered at most risk to the organization.  For example, regression models will be built to monitor the risk of unauthorized payments or the level of unauthorized computer accesses.

By definition, R.A. is a statistical modeling technique used to identify meaningful, stable relationships among sets of data.   Although some of the statistics utilized may be advanced for some, this article will prove that, using a tool as simple as Microsoft Excel, anyone can complete regression tests. Detailed instructions will be provided on how to complete regression in Excel, as well as, a full list of tests that can be completed once the basic concepts are grasped.

Analytical Procedures - A Primer
“Analytical auditing procedures are performed by studying and comparing relationships among both financial and nonfinancial information” (Internal Auditors Statement on Internal Auditing Standards No. 8).  The range of analyitcal procedures include:

· comparisons - e.g., between the current and prior year account balances

· ratio analysis - e.g., calculations of inventory turnover or times interest earned ratios.

· reasonableness tests - e.g., estimating a given balance and comparing this estimate to the actual balance.

· regression analysis - e.g., statistically estimating the payroll expense based on the number of employees, average rate of pay, and the number of hours worked.

Analytical procedures should be used in audit planning to assist auditors in focusing on areas of increased risk or as a substantive test where they could be used as a primary test of an account balance.  “The application of analytical auditing procedures is based on the premise that, in the absence of known conditions to the contrary, relationships among information may reasonably be expected to exist and continue. Examples of contrary conditions include unusual or nonrecurring transactions or events; accounting, organizational, operational, environmental, and technological changes; inefficiencies; ineffectiveness; errors; irregularities or illegal acts” (IIA Standard #8).

There is no magic analytical test to select when completing an audit as it depends on the reason for the test being constructed, the information that is available, and the auditor’s understanding of the business.  Assuming the proper test is selected, it has been estimated that analyticals can be completed in 20x less time than a relative substantive procedure. This savings can be most readily seen when there are a large number of small transactions to test, requiring either an extensive detailed review or an analytical assessment towards the reasonableness of the details.  Not only is the analytical potentially more efficient, it can also be more effective.  In sum, analyticals can help an auditor “see the forest from the trees” by providing new perspectives of the audit area whereas substantive tests, many times, are too narrowly focused on the “trees” or details of the area to effectuate audit findings/recommendations.

Regression Analysis - A Primer
R.A. searches for a relationship between a variable of interest (dependant variable) and other variables (independent variables).  The main goal of such relationship building is to forecast the dependant variable in the future based on past values of the dependant and independent variables.  For example, we might want to predict the level of sales in the future for a company by studying the relationship between the sales (dependant variable) and the level of marketing (independent variable).  Once a relationship is established, all that is needed is a proposed level of marketing (e.g., $100,000 in advertising expense) to predict the future level of sales.   What is most interesting about R.A. is its ability to make such predictions with a stated confidence and error expectation (I am 95% confident that, within a +/-3% margin of error, the sales will be $10,000,000 if the advertising expense is $100,000).

Other goals of R.A. involves inferring how the changes in an independent variable affect the dependant variable.  For example, a doctor may want to see how the effects of exercise affect the length of a person’s life.  The analysis could predict the average number of years a person adds to their life for every 10 minutes of exercise a day.  Once again, this could be completed with a stated confidence and margin of error calculation.

R.A. can take the form of either a simple or multiple calculation.  Simple regression measures the causal relationship between one dependant and one independent variable (e.g., sales and advertising expense) while multiple R.A. measures the effects of multiple independent variables on one dependent variable (e.g., sales based on advertising expense, proximity of competition, month of the year, etc.). 

Once a basic understanding of R.A. is achieved, it is easy to apply this new knowledge to various audit areas.  As stated previously, R.A. can be used to:

· predict a future value - e.g., predict a car’s selling price in the future based on trends in current car models.

· monitor the reasonableness of a value - e.g., monitor the accuracy and completeness of postage expense based on the number of shipments during an audit period.

· assess the impact of dependant variables or “drivers” - e.g., understand how each dollar spent on advertising leads to sales of a particular product.

Such uses can be applied to the planning stages of an audit to predict trends in exceptions.  Areas that have more consequential losses predicted could be focused on initially by the audit team rather than those areas routinely audited.  For example, an increase in predicted product defects may command more attention by auditors, even if not a routinely audited area (e.g., compliance testing of travel & entertainment expenses). 

Simple regression - an example

Let's imagine you want to predict the level of payroll expense for November 1998 with a stated confidence and margin of error.  The process to complete the simple regression would be as follows:

Step 1 - Identify the dependant variable to be predicted - Payroll expense

Step 2 - Identify the independent variables that will drive the prediction- Although there are many variables to choose from including the number of workers or the level of overtime, let’s assume that the number of hours will be the chosen independent variable.  Please note that in a simple regression, one dependant variable is predicted based on one independent variable.

Step 3 - Obtain data for dependant and independent variables from past periods.  For this example, we will use 10 months of history represented in the below table:

	
	Number of
	Payroll

	Month
	Hours
	Expense 

	Jan-98
	           45,000 
	         276,600 

	Feb-98
	           60,000 
	         418,650 

	Mar-98
	           60,000 
	         366,000 

	Apr-98
	           75,000 
	         471,300 

	May-98
	           90,000 
	         573,300 

	Jun-98
	         105,000 
	         675,300 

	Jul-98
	         105,000 
	         635,400 

	Aug-98
	         105,000 
	         615,300 

	Sep-98
	         120,000 
	         750,600 

	Oct-98
	         135,000 
	         757,950 


In order to better view the information, we can graph it using a scatter diagram as in Chart 1 below:

Chart 1 - Payroll expense over time
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Once this has been plotted, the R.A. can be run to predict, or estimate, each of the above expenses based on the total number of hours for the month.  The goal of any R.A. is to estimate based on the mean and the independent variable(s) used, the actual value of the dependant variable.  Thus, as you can see below, the actual payroll expense for the past 10 months has been plotted in red while the regression prediction was plotted in purple.  Notice the average of the 10 months payroll expense amounted to $554,000 which is displayed as a line in the graph.  See how the regression estimates the actual value from the mean (see blue line) in Chart 2 below. 

Chart 2 - Payroll expense over time with regression
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Step 4 - Run the regression and assess the level of “fit” - In the above graph, it is sometimes difficult to discern the difference between the predication and the actual value.  This is also known as a “good fit” which is measured by a statistic known as R2.  The best possible R2 using regression is 100% while in the above example, a R2 of 97% was attained. R2 measures the ability of the regression to estimate, from the mean ($554,000), the actual dependent value (payroll expense) using the independent variable(s) (hours).  

In contrast to the good fit, a bad fit is represented below (the prediction is in green while the actual values are in black):

Chart 3
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In this graph, the R2 is 62%.  Although, at times, there is a good fit where the regression agrees to the actual payroll expense (May 98), many of the predictions either overshoot or undershoot the actual payroll expense (June 98 and October 98).  Since the regression in Chart 3 possesses a bad fit, it is questionable whether it should be used for prediction purposes.  If such a situation presents itself, it may be best to substitute a new independent variable or to complete a multiple regression by adding additional independent variables (e.g., number of workers, number of hours in overtime, etc.).

To better understand how R.A. works, it is useful to understand how R2 is calculated.  First, the average of the population (see column B below in Table 1) is calculated and the differences between it and actual expense and the predicted expense (using regression) is  calculated.  Then each of these differences are squared as in columns I, II, and III below.  Once again, the goal of regression is to predict the distance from the mean for each actual value.  For example, in January 1998, the actual expense was $277,440 different from the average or mean expense ($544,040 - $276,600).  This can best be seen in Chart 2 as the blue line and red line added together (please note that this is for illustrative purposes only and does not represent the actual data being explained).  The regression prediction was  249,763 from the average ($544,040 - $304,277) which is relatively close to the $277,440 actual value difference.  This is represented in the above graph (Chart 3) as the blue line only.  When these items are squared and divided, the R2 for the month of January can be calculated as 81% (column II divided by column I).  When this calculation is carried out for each month, the total R2 averages out to 97% for this regression.  Such a high R2 is due to the relatively good predictions throughout the year and the exceptional predictions made in April and July (see the low values in column III below which represent the squared error in the prediction).  

 Table 1
	
	
	
	
	I
	II
	III

	
	
	 Payroll 
	
	 (A - B)2 
	 (C - B)2 
	(C-A)2

	
	 A - Actual 
	 B - Mean 
	C - Predicted
	 Total 
	 Total Sum of 
	Total Sum of 

	Month
	 Expense 
	 Expense 
	 Expense 
	  Sum of Squares 
	 Squared Regress. 
	Squared Error

	Jan-98
	     276,600 
	    554,040 
	       304,277 
	       76,972,953,600 
	     62,381,673,705 
	           766,003,305 

	Feb-98
	     418,650 
	    554,040 
	       387,531 
	       18,330,452,100 
	     27,725,188,313 
	           968,381,178 

	Mar-98
	     366,000 
	    554,040 
	       387,531 
	       35,359,041,600 
	     27,725,188,313 
	           463,591,560 

	Apr-98
	     471,300 
	    554,040 
	       470,786 
	          6,845,907,600 
	       6,931,297,078 
	                   264,619 

	May-98
	     573,300 
	    554,040 
	       554,040 
	             370,947,600 
	                              -   
	           370,947,600 

	Jun-98
	     675,300 
	    554,040 
	       637,294 
	       14,703,987,600 
	       6,931,297,078 
	       1,444,424,737 

	Jul-98
	     635,400 
	    554,040 
	       637,294 
	          6,619,449,600 
	       6,931,297,078 
	               3,588,796 

	Aug-98
	     615,300 
	    554,040 
	       637,294 
	          3,752,787,600 
	       6,931,297,078 
	           483,754,149 

	Sep-98
	     750,600 
	    554,040 
	       720,549 
	       38,635,833,600 
	     27,725,188,313 
	           903,073,207 

	Oct-98
	     757,950 
	    554,040 
	       803,803 
	       41,579,288,100 
	     62,381,673,705 
	       2,102,519,187 

	
	
	
	
	     243,170,649,000 
	  235,664,100,662 
	       7,506,548,338 

	
	
	
	
	
	97%
	3%


Because R.A. attempts to minimize the sum of the squared errors (column III), it is often referred to as the “method of least squares”.  On a historical note, the above test is called a R.A. due to the work completed by geneticist, Francis Galton, who discovered a phenomenon called regression towards the mean.  He found that sons’ heights tended to regress towards the mean height of the population, compared to their father’s heights. Tall fathers tended to have shorter sons, and vice versa, leading Galton to conclude that, statistically speaking, people’s height tended to regress towards the average height. 

So when do I calculate my payroll expense estimate for November 1998?
Although it is important to understand the calculations inherent in determining the accuracy of the regression, keep in mind that tools like Microsoft Excel will easily calculate them regardless of whether you understand or not.  Once you assess whether the accuracy is acceptable (which in the above case, the R2=97% represents an extremely precise accuracy), you can estimate future values of the dependant variable.

Step 5 - Predict using the coefficients - If you recall, the purpose of the above example was to estimate the payroll expense for November 1998.  This will be completed by multiplying the dependant variable (payroll hours) by a variable amount and then adding a fixed amount.  These fixed and variable amounts are otherwise known as the regression coefficients.  The fixed amount would represent the point where the trend line intersected the Y axis (see black line in Chart 4) when the independent variable or X = 0 (please note this trend line has not been carried out to where X=0 in Chart 4).  The variable amount in the regression represents the amount by which the line rises or falls per unit increase in the dependant variable (payroll hours).  For this example, the fixed amount or coefficient was $54,513.53 and for each payroll hour,  $5.550294 was added in expense.  This can be calculated for January 1998 as follows (and seen in the below graph Chart 4)



Fixed Coeff. + (Dep. Var. * Var. Coeff.) = Prediction

$54,513.53 + (45,000*$5.550294) = $304,277


Note that for each hour that is added to payroll, expense increases by roughly $5.55 so it has a positive relationship to hours.  A diminishing or negative relationship would exist if payroll expense decreased for each hour that was added.  This may not make sense for payroll expense (since you don’t get paid less for more work completed) but imagine the relationship of minutes of unprotected exposure to an airplane’s engine noise to the level of hearing.  As the minutes increase, the average level of hearing should decrease leading to a negative relationship of listening minutes to level of hearing

Chart 4
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Then, for November, this can be calculated (assuming a dependant variable of 147,000 hours), as follows: 

$54,513.53 + (147,000*$5.550294) = $870,407

What’s best is that, using regression, you can be 95% certain that the above calculation is within a 7% margin of error of the actual payroll expense (confidence and margin of error provided by Excel).  With such confidence, this value could be compared against the actual value (when available) to test the reasonableness of the actual figure.  For example, if the actual payroll expense for the month of November amounted to $952,000, this would be outside of the 7% margin of error and, statistically speaking, may be inaccurate.

So how can I do this at home without a Ph.D. in statistics?

Since some of the statistics used in regression may overwhelm some, Microsoft Excel has packaged them in their standard copy of the software.  In the below discussion, Excel version 7.0 will be used to illustrate the ease of calculating regression (keep in mind these steps are the same in Excel 97).

Steps 1, 2, and 3 - Identify the dependant variable to be predicted, Identify the independent variables that will drive the prediction, and Obtain data for these variables from past periods - The previous example using payroll expense introduced the basic concepts of R.A. using a single independent variable (payroll hours).  Although this may be all that is required for some situations, a business person is far more likely to encounter situations involving more than one independent variable.  Such an analysis is called a multiple regression which has the same goal as in the simple regression, namely to minimize the errors in estimating, from the mean, the actual value of the dependant variable.

On average, multiple regressions lead to a higher level of precision or fit (R2) than simple regression due to the compensating factors between the variables.  Therefore, the following example is a multiple regression that will produce a model able to predict the level of duplicate payments to be found in a 100 unit sample selected for review to invoices (dependant variable) based on the:

· total monthly balance of a report looking for the same vendor, invoice date, and amount

· total monthly dollar value of checks issued

· level of review for duplicate payments (strong, average, or minimal) completed by the Accounts Payable Department during a given month (independent variables). 

This report could be used to determine whether a review for duplicate payments is warranted in the current month.  To follow along with this exercise, the below table will need to be created in Excel.  The first column would be “A” in Excel (thus, the column title “Month” would appear in cell “A1” in Excel).

Table 2

	
	A
	B
	C
	D
	E
	F

	1
	Month
	$ Duplicates
	Balance per
	Dollar Value of
	Strong
	Average

	2
	
	in 100 items
	Report
	Checks Issued
	Review
	Review

	3
	1
	             1,428 
	         97,250 
	         8,400,043 
	                   1 
	                  -   

	4
	2
	             4,277 
	       119,749 
	         9,100,570 
	                  -   
	                   1 

	5
	3
	             2,777 
	       108,039 
	         7,504,848 
	                   1 
	                  -   

	6
	4
	             3,066 
	         91,049 
	         6,522,810 
	                  -   
	                   1 

	7
	5
	             3,450 
	       124,774 
	         7,339,669 
	                  -   
	                   1 

	8
	6
	             5,387 
	       112,709 
	         8,039,879 
	                  -   
	                  -   

	9
	7
	             3,426 
	       113,949 
	         9,258,241 
	                  -   
	                   1 

	10
	8
	             2,719 
	       113,190 
	        10,070,877 
	                  -   
	                   1 

	11
	9
	             7,719 
	       121,451 
	        10,024,102 
	                  -   
	                  -   

	12
	10
	             6,177 
	       197,142 
	        13,142,770 
	                  -   
	                   1 

	13
	11
	             2,148 
	       132,823 
	        12,637,004 
	                   1 
	                  -   

	14
	12
	             6,216 
	       158,709 
	        13,225,743 
	                  -   
	                  -   


Important data note - Please note that the strong and average review figures will be the only ones needed to complete this analysis (minimal review figure not required) which is  explained further in Step 5 of this process. 

Important software note - When using the regression tools in Excel, the values for the independent variables must be listed in adjacent columns in the spreadsheet and cannot be separated by any intervening columns.

Step 4 - Run the regression and assess the level of “fit” - In order to complete R.A., you will first need to add a piece of software that comes with the standard version of Excel.  To use this add-in, go to the Tools menu in Excel and select Add-Ins.  Then, when prompted, select the Analysis Tool Pack and press OK.  This will add to the bottom of your tools menu a menu item named Data Analysis.

Once the information is input, select the Data Analysis menu item from the Tools menu.  Then select the Analysis Tool Regression and press OK to view the Regression Dialog Box.  Fill out the box so that it mimics the one below when complete.  Keep in mind that the Y Range is the dependant variable and the X Range represents the four independent variables.  When done, press OK to calculate the regression.
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When looking at the new worksheet in Excel (Table 3 below), a multitude of statistics are provided, eleven of which should be recognizable.

	Regression Statistics
	

	Multiple R
	0.932003
	

	R Square
	0.868629
	

	Adjusted R Square
	0.79356
	

	Standard Error
	867.6481
	

	Observations
	12
	

	
	
	

	ANOVA
	
	

	
	df
	SS

	Regression
	4
	34,843,435

	Residual
	7
	5,269,693

	Total
	11
	40,113,128

	
	
	

	
	Coefficients
	Standard Error

	Intercept
	3342.245
	1369.555

	X Variable 1
	0.038977
	0.017504

	X Variable 2
	-0.00019
	0.000216

	X Variable 3
	-3787.52
	732.4647

	X Variable 4
	-2648.94
	644.6692



Once complete the level of fit can be assessed using three diagnostics:

· R2 statistic

· Residual standard deviation or Standard error

· Residual plots

R2 statistic - The most simple way to assess the level of fit is to divide the total sum of squares by the total sum of the squared regression (Item 4 divided by Item 6 in the above table) to arrive at the basic R2 =86.86%  (see item 1 above).  Although this may be perfectly fine to use in a simple regression, it may not be completely accurate in a multiple regression since for every independent variable added to the computation, basic R2 increases.  This can be compensated for by using an adjusted R2 which is also calculated by Excel (see Item 2 above).  This statistic adjusts for any artificial inflation created by adding independent variables to the regression.  You can see that the difference between these two types of R2 is 8 percentage points (87% for Item 1 vs. 79% for Item 2).  Therefore, for analysis purposes, the adjusted R2 should be used (which still suggests a good regression fit).

Standard error - The standard error (Item 3 above) measures the amount of variation in the actual data around the fitted regression.  This value is most useful in evaluating the level of uncertainty in predictions we make with the regression model.  Too large of a standard error will negate using the regression model with any certainty.

As a rough rule, there is a 68% chance that the actual value will fall within +/- one standard error of the regression prediction and a 95% chance that it will fall within a +/- two standard error.  Therefore, if the regression model predicted duplicate payments to be $5,000, this prediction has a 68% chance of being with +/- $868 ($4,132 to $5,868) and a 95% chance of being within $1,736 ($3,264 and $6,736).

Residual plots - One last diagnostics for fit includes reviewing the residual plots for each independent variable.  The residual plots can be created by clicking on the box with this name in the Regression Dialog Box.  What you are hoping to find is a graph of random points (see below), rather than having a definite pattern.  Further discussion of this topic is beyond the scope of this article.

Chart 5
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Step 5 - Predict using the coefficients - To make a final prediction of duplicate payments, each dependent variable will need to be multiplied by the variable coefficient and this final result will need to be added to a fixed coefficient.  The coefficients, dependent variables, and the final prediction can be seen as follows in Table 4:

Table 4


(A)


        (B)

  (A)  * (B)
	
	January 1999
	see Table 3, Items 3 - 7
	

	
	Independent Variables
	Coefficient Values
	Prediction

	$ bal. of dup rep
	182,752
	.038977
	7,123.12

	$ bal. of checks
	11,177,990
	(.00019)
	(2,123.82)

	Strong Review
	0
	(3,787.52)
	0

	Average Review
	1
	(2,648.94)
	(2,648.94)

	Fixed Coefficient
	N/A
	3,342.25
	3,342.25


Final Prediction for January 1999
 



                    5,692.61
As stated previously in Step 4, there is a rough rule that states there is a 68% chance that the actual value will fall within +/- one standard error (see Table 3, Item 3) of the regression prediction and a 95% chance that it will fall within a +/- two standard error.  Thus the above prediction of $5,693 has the following chances of being accurate within the following ranges:  

	Prediction Value
	68% chance range
	95% chance range

	5,693
	4,825 and 6,561
	3,957 and 7,429


It can also be stated, with 68% confidence, that there is a 15% margin of error ($868 / $5,693) and, with 95% confidence, that there is an 30% margin of error ($1,736 / $5,693).  For most business purposes, such error rates should be acceptable but could be improved through the addition of more independent variables, if deemed necessary.

Note on Dummy Variables
Please note that “dummy” variables were used to include data related to actions taken by internal employees (reviewing for duplicate payments) rather than on quantitative figures alone (e.g., $ value of checks issued).  Examples of dummy variables include categorical references (e.g., male or female) or range references (e.g., condition of aircraft engine being either poor, average, or excellent).  There are various other uses for dummy variables yet Excel needs to accept them in a certain format.   

Excel requires that dummy variables be set up in columns with each variable either equal to 0 or 1.  For example, if you wish to create a gender dummy variable, a column should be established in the Excel data set with Female equal to 1 and Male equal 0.  When there is more than two categories, as in the duplicate payments example where there were three levels of review, Excel requires: 

The number of columns  =  (The number of categories  -  1)
This calculation can be applied to the three levels of review in the duplicate payment calculation where:

· the first column would have a 1 if a strong review was completed,

· the second column would have a 1 if an average review was completed,

· and if neither column had a 1, a poor/no review was completed.

Practical uses of regression analysis
Blow, the following table (Table 5) lists numerous relationships that can be used in regression models to test for exceptions:

Table 5
	
	Predicted Value (Independent Variable)
	Potential Drivers (Dependant Variables)

	1
	Duplicate Payments
	# of checks issued, # of vendors paid, $ balance of report looking for payments to the same vendor, invoice and amount, and month of year

	2
	Unauthorized payments
	# of checks issued, # of vendors paid, # of vendors paid that have the same address as employees, # of payments made immediately below the approval limit (e.g., between 900 and 999 for a 1,000 approval limit), and month of year

	3
	Unauthorized travel and entertainment expense
	# of employees receiving expense payments, # of checks issued, financial quarter of the year, $ balance for key travelers, and # of board meetings held

	4
	Unauthorized computer accesses
	# of network lines, # of employees, minutes of network access between 5:00 p.m. and 9:00 a.m., and # of remote access logins

	5
	Product defects
	Production labor hours, total production units, total production units on Friday and Monday, and # of products reworked

	6
	Inventory Obsolescence
	# and $ balance of parts not used in over 1 year, # and $ of parts not used in 60 days, total purchases, total usage, and inventory turnover ratio

	7
	Accounts Receivable               write offs
	# and $ balances over 360 days, # and $ balances over 120 days, # of new customers, units sold, $ size of key customer sales balance, $ size of key customer balances over 60 days, and days sales outstanding statistic


Conclusion
Provided that there is more to R.A. than can be explained in a 4,000 word article, this discussion provides the foundation to understanding the elements of R.A.  Regression models require up front setup yet, once established, they provide a structured, statistical, and cost beneficial approach to understanding the current, and predicting the future, course of exposures to an organization. 
(1) Basic R2 statistic 





(2) R2 statistic for analysis purposes





(3) Standard error for each standard deviation.





(4) Total sum of squared regression - see Column II in Table 1 of the payroll expense example





(5) Total sum of squared errors - see Column III in Table 1 of the payroll expense example





(6) Total sum of squares - see Column I in Table 1 of the payroll expense example








(7) through (10) Fixed and variable coefficients








