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Regression Analysis Project
Telemarketing Stick Rates

Introduction

Direct response marketing of accidental death and accident and sickness insurance products through financial institutions is often conducted via telemarketing.  Not all sales generated over the phone result in future revenue, as the customers may choose to cancel coverage before their first premium is withdrawn from the account.  Because of the 30-day free look period and the “buyer’s remorse” factor, approximately half of the customers who originally purchased will cancel before the first premium payment.  The portion of customers who pay their first premium as a percentage of the number of customers approved for coverage is referred to as the “stick rate,” which is an important measure of the success of the marketing campaign and a critical component in the determination of how much future revenue can be expected.
Many different factors may contribute to the stick rate realized on any given campaign.  These factors could include the client (bank or financial institution providing customers to whom to market), the product being marketed, the type of account of the bank’s customers (mortgage, checking/savings account, credit card), the age of the customer, the gender of the customer, the price (premium) of the product being sold, the type of insurance coverage (individual or family coverage), the state in which the product is being issued (is it a ‘loss ratio’ state with richer product benefits), and the marketing tactic (was the customer incented to listen to the sales presentation or not).  Regression analysis was performed to determine which of these variables is meaningful in predicting future stick rates.
Data

Seriatim customer data was gathered that included nine months of marketing activity: sales made from October 2009 through June 2010.  Data was refined as follows:
· Sales prior to the 4th quarter of 2009 were deliberately excluded, as the billing methods used and premium amounts billed were changed beginning in October 2009.  This ensures that all customers being evaluated for paying or not had the same customer service experience in terms of premium collection. 
· Sales after the 2nd quarter of 2010 were excluded, as customers sold in the 3rd or 4th quarter may not have yet had the opportunity to pay their first premium (a 2-3 month lag exists from the time of the marketing to the time when premium payments can be evaluated).  Data used for the study was captured from the administration system as of October 31, 2010.
· Customers responding to campaigns via mailed applications were excluded (a vast majority of the marketing activity has been done through telemarketing, but a small amount of direct mail marketing had to be removed).
· Data was excluded for customers sold under three solicitation codes (tracking numbers) that inadvertently mixed sales with incentive card and those without incentive under the same tracking code.
· A small number of records without age information or gender information were excluded.
· Customers whose sales incentive was a pharmacy discount card instead of a $20 gift card were excluded from regression analysis.
After deletes, the resulting quantity of data was over 54,000 customers – a credible population.
Analysis

The overall stick rate for the data in aggregate is 42.5%.  For initial analysis and data gathering, I looked at each variable mentioned above in isolation and calculated the stick rate for each of its possible values.  Results are shown in the tables on the following page.  
If these results are viewed in isolation (i.e. stick rates are compared for each of the four products), it could lead to conclusions such as Product 1 has a much poorer stick rate than average, and Product 4 has a higher stick rate than average.  While there may be some truth to conclusions like these, it is also critical to consider the other factors that contribute to high/low stick rates and the degrees to which those factors are correlated with each product.
A correlation matrix of each of the 16 variables is shown here:
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5 0.39752 0.22032 2.24

4 0.39382 0.25912 2.92

3 0.31303 0.20456 2.89

2 0.26469 0.19116 3.60

1 0.07790 0.03399 1.77


DDA= Direct Deposit Account (savings account, checking account)

CC= Credit Card

Some observations that can be made from the correlation matrix:

· Coverage type (single vs. family) is highly correlated with premium since coverage for a family is more expensive than individual coverage
· Incentive card use is highly correlated with Client 1 and also with Product 1

· Incentive card use is moderately correlated with marketing to Mortgages
· Product 2 is moderately correlated with Client 3

· Mortgage customers have a higher correlation with family coverage
The interrelatedness of the 16 variables highlights the need for analysis that goes beyond looking at each variable in isolation.  Regression analysis will be useful in determining which variables are key determinants of stick rate results and which are useful in predicting future stick rates.
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Issue Age 1.0000

Gender 0.0522 1.0000

Premium -0.1121 -0.0684 1.0000

Single/Family -0.0734 -0.0579 0.8545 1.0000

LR State 0.0221 0.0110 0.0337 -0.0139 1.0000

Incentive -0.0941 -0.0279 0.0503 0.0509 -0.1477 1.0000

Client 1 -0.1059 -0.0475 0.1208 0.0590 -0.1379 0.8008 1.0000

Client 2 0.0609 0.0579 -0.2239 -0.0651 0.1304 -0.3297 -0.4992 1.0000

Client 3 0.0533 -0.0050 0.0851 -0.0002 0.0211 -0.5264 -0.5747 -0.4222 1.0000

Mortgage -0.0569 -0.0677 0.1909 0.1705 -0.1304 0.5095 0.5774 -0.3103 -0.3110 1.0000

DDA -0.0095 0.0450 -0.1760 -0.1397 0.0808 -0.3099 -0.3671 0.4862 -0.0751 -0.6382 1.0000

CC 0.0716 0.0142 0.0217 -0.0026 0.0348 -0.1431 -0.1422 -0.2876 0.4203 -0.2433 -0.5914 1.0000

Product 1 -0.0843 -0.0437 0.1810 0.0798 -0.1210 0.7031 0.7847 -0.3917 -0.4510 0.6506 -0.4727 -0.0859 1.0000

Product 2 0.0175 0.0210 0.1163 -0.0511 0.1872 -0.6698 -0.6466 0.1010 0.5811 -0.5510 0.3414 0.1470 -0.7761 1.0000

Product 3 0.0791 0.0177 -0.3328 -0.0228 -0.0887 -0.0776 -0.0378 0.2456 -0.1924 -0.0120 0.0477 -0.0475 -0.1785 -0.3311 1.0000

Product 4 0.0465 0.0247 -0.2650 -0.0263 -0.0690 0.1396 -0.1469 0.3213 -0.1498 -0.1101 0.1725 -0.1020 -0.1390 -0.2578 -0.0593 1.0000


Regression – Individual Basis
I began regression testing by using seriatim data - over 54,000 lines, each representing a telemarketing sale.  Using the regression functionality within Excel, I used 16 potential explanatory variables.  Most variables are discrete in nature and were assigned values of 0 or 1.  The variables were as follows:

1. Age at issue

2. Gender (0 for male, 1 for female)

3. Annual premium

4. Coverage type (0 for single, 1 for family)

5. Loss Ratio state (0 for no, 1 for yes)

6. Incentive used (0 for no, 1 for yes)

7. Client (1 for Client 1, 0 for other)

8. Client (1 for Client 2, 0 for other)

9. Client (1 for Client 3, 0 for other)

10. Account (1 for Mortgage, 0 for other)

11. Account (1 for DDA, 0 for other)

12. Account (1 for Credit Card, 0 for other)

13. Product (1 for Product 1, 0 for other)

14. Product (1 for Product 2, 0 for other)

15. Product (1 for Product 3, 0 for other)

16. Product (1 for Product 4, 0 for other)

These variables were regressed against a “paid” outcome that was represented by 0 if the contract never remitted premium and 1 if the contract paid at least its first monthly premium.
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54,471       23,134       42.5%

Product

Product 1 15,964       6,000          37.6%

Product 2 32,179       14,207       44.1%

Product 3 3,940          1,758          44.6%

Product 4 2,388          1,169          49.0%

Client

Client 1 22,249       8,565          38.5%

Client 2 14,521       7,030          48.4%

Client 3 17,701       7,539          42.6%

Gender

M 25,395       11,200       44.1%

F 29,076       11,934       41.0%

Insured Coverage Type

Single 28,005       12,341       44.1%

Family 26,466       10,793       40.8%

Account Type

Mortgage 11,608       4,264          36.7%

DDA 32,906       15,190       46.2%

CC 9,957          3,680          37.0%

Loss Ratio State

Yes 5,108          2,206          43.2%

No 49,363       20,928       42.4%

Incentive

$20 19,649       7,360          37.5%

Pharm 354              148              41.8%

N 34,468       15,626       45.3%

Age Band

20 2,873          894              31.1%

25 2,195          761              34.7%

30 2,545          983              38.6%

35 3,130          1,267          40.5%

40 4,006          1,673          41.8%

45 4,898          2,145          43.8%

55 6,680          2,918          43.7%

60 6,703          2,982          44.5%

65 5,774          2,653          45.9%

70 4,755          2,124          44.7%

75 3,240          1,364          42.1%

80 1,032          409              39.6%

85 418              174              41.6%

Annual Premium

<200 4,920          2,424          49.3%

200-300 26,216       11,313       43.2%

300+ 23,335       9,397          40.3%

The resulting 16-variable model had a very poor R^2 value of 0.017553, meaning the model explained less than 2% of the variation in the data.  In an attempt to improve the model, I eliminated the variable with the highest p-value and repeated the regression analysis with 15 variables.  (P-values represent the probability of wrongly rejecting the null hypothesis that a coefficient is zero, so variables with high p-values should be eliminated.)  The resulting 15-variable model had essentially the same result, so I repeated the process of eliminating one variable at a time based on which had the highest p-value.  Model comparison results are summarized below.  It is obvious that the elimination of variables never resulted in a better fitting or more efficient model; the R^2 values remained low regardless of which variables were used in the regression.
Because the analysis was performed on an individual basis, where stick rates have only two outcomes, 0% or 100%, the model has difficulty predicting stick rates that will ultimately average around 40%-50%.  The residual for each individual is large.
I determined that it was necessary to group the data on some basis and re-attempt regression.

Regression – Solicitation Code Basis

A solicitation code is a 6-digit code used for tracking results of marketing campaigns.  Depending on the size and complexity of the campaign, it will have anywhere from a single solicitation code to 20 or 30 codes assigned to it.  The client, account, product, and use of incentive card will always be consistent features within a solicitation code.

I summarized the data by solicitation code, resulting in 114 lines of data.  The 16 variables remained the same as described previously, except that the first five variables were now aggregated across the solicitation code (on an average basis, or with a continuous value between 0 and 1 instead of discrete values of 0 or 1 with the individual data).
1. Age at issue (average for solicitation code)
2. Gender (% female for solicitation code)

3. Annual premium (average for solicitation code)
4. Coverage type (% family for solicitation code)

5. Loss Ratio state (% sales in loss ratio states for solicitation code)
6. Incentive used (0 for no, 1 for yes)

7. Client (1 for Client 1, 0 for other)

8. Client (1 for Client 2, 0 for other)

9. Client (1 for Client 3, 0 for other)

10. Account (1 for Mortgage, 0 for other)

11. Account (1 for DDA, 0 for other)

12. Account (1 for Credit Card, 0 for other)

13. Product (1 for Product 1, 0 for other)

14. Product (1 for Product 2, 0 for other)

15. Product (1 for Product 3, 0 for other)

16. Product (1 for Product 4, 0 for other)

These variables were regressed against a “stick rate” outcome – the overall stick rate for the solicitation code (values that now ranged anywhere from 0% to 100% instead of only being 0% or 100%).
The 16-variable model had an R^2 value of 0.3358, which was much improved over the individual model, but still with plenty of room for improvement.  I eliminated variables one by one, again based on p-value, and saw R^2 values that remained consistent but adjusted R^2 values that improved.  (The model was becoming more efficient with fewer variables, hence the improvement in the adjusted R^2.)  However, the overall R^2 values only decreased as more variables were eliminated from the model.  Results are summarized in the table and graph below:
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16 0.0176     0.0173     69.0           

15 0.0176     0.0173     69.0           

14 0.0176     0.0173     69.0           

13 0.0176     0.0173     74.4           

12 0.0176     0.0173     80.5           

11 0.0175     0.0173     87.8           

10 0.0175     0.0173     96.2           

9 0.0173     0.0172     106.1        

8 0.0170     0.0168     116.8        

7 0.0166     0.0165     130.5        

6 0.0165     0.0164     151.0        

5 0.0159     0.0158     174.5        

4 0.0151     0.0150     207.4        

3 0.0136     0.0136     249.3        

2 0.0116     0.0116     317.8        

1 0.0086     0.0086     471.2        

[image: image13.emf]Variables R^2 Adj R^2 F

16 0.33582 0.21830 3.85

15 0.33582 0.22840 3.85

14 0.33582 0.23851 3.85

13 0.33582 0.24861 3.85

12 0.33582 0.25612 4.21

11 0.33581 0.26347 4.64

10 0.33383 0.26852 5.11

9 0.33149 0.27308 5.67

8 0.33056 0.27906 6.42

7 0.32320 0.27808 7.16

6 0.31093 0.27193 7.97

5 0.30926 0.27698 9.58

4 0.25002 0.22225 9.00

3 0.20772 0.18592 9.53

2 0.16975 0.15466 11.25

1 0.11583 0.10786 14.54


I determined that the 8-variable model provides the optimal combination of model fit (R^2 had not yet declined significantly) and model efficiency (adjusted R^2 peaked with the 8-variable model).

However, given the R^2 value only in the 0.33 range, I continued my search for a better model. 
Regression – Campaign Type Basis

At the solicitation code level, data was aggregated at a level lower than the campaign level.  I decided to next attempt aggregating data at a level higher than the campaign level, by grouping all solicitation codes with similar characteristics into one large “campaign”.  (Characteristics include the client/financial institution, the bank account type, the product being sold, and the use of incentive card in selling the product.)
23 combinations of client – account – product – incentive exist, so I was now working with 23 lines of data instead of 114.  With these campaign level characteristics now positioned as methods of aggregation instead of as explanatory variables, only the five personal level characteristics remained as possible explanatory variables.

1. Age at issue (average for campaign type)
2. Gender (% female for campaign type)

3. Annual premium (average for campaign type)
4. Coverage type (% family for campaign type)

5. Loss Ratio state (% sales in loss ratio states for campaign type)
I first regressed campaign type stick rates against these five variables, which produced a model with a 0.3975 R^2 value.  Once again, this was improved from previous modeling attempts, but still less than desirable.  I repeated the process of removing variables from the regression based on p-values.  By eliminating age and using only the four other variables, the model efficiency improved.  However, removing additional variables proved unhelpful in finding a better model.  For this analysis, the 4-variable model is the best choice.
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Still, I was unsatisfied with any models considered thus far.  Because marketing experience has demonstrated that use of incentive cards with telemarketing may have an impact on stick rates (by generating ‘sales’ from customers who think they must purchase the insurance product in order to receive the $20 gift card, but who fully intend to cancel the insurance coverage before the first premium is due), I decided to perform a separate regression on the incentive card sales.  Maybe sales with incentive card behave differently enough from sales without that they each require their own analysis.
With incentive card only, the data used in the regression only consists of 8 campaign types and the 5 possible explanatory variables.

[image: image2.emf]INCENTIVE CARD Total Paid Avg Age Avg Prem % Female % Family % LR State Stick

Client 1 - CC - Product 1 - Incentive 1,803         613             55.7           312.0         61% 38% 7% 34.0%

Client 1 - CC - Product 3 - Incentive 369             131             63.4           220.7         59% 46% 0% 35.5%

Client 1 - DDA - Product 1 - Incentive 3,375         1,387         47.5           310.1         54% 37% 9% 41.1%

Client 1 - DDA - Product 2 - Incentive 3,022         1,137         46.5           317.0         54% 41% 6% 37.6%

Client 1 - DDA - Product 4 - Incentive 142             75               53.6           220.1         44% 46% 0% 52.8%

Client 1 - Mortgage - Product 1 - Incentive 8,963         3,143         49.1           348.5         47% 65% 1% 35.1%

Client 1 - Mortgage - Product 3 - Incentive 504             196             54.4           235.5         48% 62% 0% 38.9%

Client 2 - DDA - Product 4 - Incentive 1,471         678             55.0           216.6         60% 41% 0% 46.1%


The resulting model had an R^2 of 0.91177 – by far the best result so far.  Summary statistics follow:

[image: image3.emf]SUMMARY OUTPUT

Regression Statistics

Multiple R 0.954868

R Square 0.911773

Adjusted R Square 0.691206

Standard Error 0.035761

Observations 8

ANOVA

df SS MS F Significance F

Regression 5 0.0264324 0.005286 4.133764 0.2061893

Residual 2 0.0025577 0.001279

Total 7 0.0289901

CoefficientsStandard Error t Stat P-value Lower 95% Upper 95% Lower 95.0% Upper 95.0%

Intercept 1.49699 0.26892 5.56666 0.03079 0.33992 2.65406 0.33992 2.65406

X Variable 1 -0.00627 0.00448 -1.40127 0.29615 -0.02553 0.01298 -0.02553 0.01298Age

X Variable 2 -0.00054 0.00060 -0.91067 0.45860 -0.00310 0.00202 -0.00310 0.00202Premium

X Variable 3 -0.59092 0.36804 -1.60561 0.24958 -2.17445 0.99261 -2.17445 0.99261Gender

X Variable 4 -0.56588 0.29767 -1.90101 0.19767 -1.84665 0.71490 -1.84665 0.71490Family

X Variable 5 -1.13744 0.95928 -1.18572 0.35751 -5.26487 2.99000 -5.26487 2.99000LR State


Despite the good overall R^2 result, the p-values for each variable indicate that there is still a relatively high probability of falsely rejecting the null hypothesis that the coefficients are zero.  In particular, the average annual premium variable had a p-value of 0.4586, so I removed this variable and repeated the regression with only the other four variables.  Continuing this process did not improve the model in terms of fit or efficiency.  Of the models specifically for incentive card sales, I selected the 5-variable model as optimal.

[image: image4.emf]Variables R^2 Adj R^2 F

5 0.91177 0.69121 4.13

4 0.87519 0.70877 5.26

3 0.81878 0.68286 6.02

2 0.43408 0.20771 1.92

1 0.13291 -0.01161 0.92
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I conducted similar analysis for the 15 campaign types without incentive.
[image: image6.emf]NO INCENTIVE CARD Total Paid Avg Age Avg Prem % Female % Family % LR State Stick

Client 1 - CC - Product 1 313             131             60.2            313.8         60% 40% 6% 41.9%

Client 1 - CC - Product 3 80               35               63.7            212.6         63% 36% 0% 43.8%

Client 1 - DDA - Product 1 637             335             47.6            314.4         48% 41% 9% 52.6%

Client 1 - DDA - Product 2 1,240         609             48.3            317.2         49% 42% 11% 49.1%

Client 1 - DDA - Product 3 114             54               48.7            215.5         46% 39% 0% 47.4%

Client 1 - DDA - Product 4 23               12               52.2            223.0         43% 48% 0% 52.2%

Client 1 - Mortgage - Product 1 873             391             51.9            345.6         45% 63% 2% 44.8%

Client 1 - Mortgage - Product 2 212             79               58.7            346.8         51% 63% 14% 37.3%

Client 1 - Mortgage - Product 3 225             89               57.7            236.0         46% 62% 0% 39.6%

Client 2 - DDA - Product 2 9,760         4,745         52.4            317.1         57% 44% 23% 48.6%

Client 2 - DDA - Product 3 2,538         1,203         55.8            215.1         59% 40% 0% 47.4%

Client 2 - DDA - Product 4 752             404             56.3            218.3         60% 43% 0% 53.7%

Client 3 - CC - Product 2 7,392         2,770         53.1            322.9         53% 51% 13% 37.5%

Client 3 - DDA - Product 2 9,832         4,551         53.0            319.5         53% 45% 8% 46.3%

Client 3 - Mortgage - Product 2 477             218             54.5            355.0         46% 69% 17% 45.7%


Starting with the 5-variable model, I eliminated the % of family coverage as a variable due to its 0.97296 p-value.  From the 4-variable model, I eliminated % of loss ratio state business since its p-value was 0.83596.  I settled on the 3-variable model, whose highest p-value was 0.22231.  R^2 is 0.51686, but adjusted R^2 improved dramatically from the initial 5-variable model.  The model is a better fit to this non-incented population than any models were to the aggregate population.
[image: image7.emf]Variables R^2 Adj R^2 F

5 0.51910 0.25193 1.94

4 0.51904 0.32665 2.70

3 0.51686 0.38510 3.92

2 0.44336 0.35059 4.78

1 0.24812 0.19028 4.29
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[image: image9.emf]SUMMARY OUTPUT

Regression Statistics

Multiple R 0.718932

R Square 0.516863

Adjusted R Square 0.385098

Standard Error 0.04062

Observations 15

ANOVA

df SS MS F Significance F

Regression 3 0.019416473 0.006472 3.922621 0.039648174

Residual 11 0.018149529 0.00165

Total 14 0.037566002

CoefficientsStandard Error t Stat P-value Lower 95% Upper 95% Lower 95.0% Upper 95.0%

Intercept 0.91651 0.15834 5.78821 0.00012 0.56801 1.26502 0.56801 1.26502

X Variable 1 -0.00913 0.00302 -3.02132 0.01163 -0.01578 -0.00248 -0.01578 -0.00248Age

X Variable 2 -0.00038 0.00020 -1.90838 0.08277 -0.00082 0.00006 -0.00082 0.00006Premium

X Variable 3 0.28017 0.21658 1.29361 0.22231 -0.19652 0.75686 -0.19652 0.75686Gender


Conclusion

Seriatim data with an outcome that is binomial or discrete in nature makes regression difficult.  Grouping data by some logical criteria can be helpful in providing the appropriate data to use in a regression analysis.  Trying different methods or levels of data aggregation can also be useful in finding the best data for regression.  In addition, some populations may have to be separated to provide the best starting point for analysis.

Telemarketing sales made with the incentive card tactic behave differently enough from sales made without any incentive that regression models fit better to each population in isolation than to the data in aggregate.
For all data, the null hypothesis that coefficients for the explanatory variables are zero should be rejected.

For incentive card campaigns, the best model is represented by:

y = 1.49699 – 0.00627x1– 0.00054x2– 0.59092x3– 0.56588x4– 1.13744x5
where

y = expected stick rate (portion of insureds who pay at least one premium)

x1= average age of insureds

x2= average annual premium of insureds

x3= % of insureds who are female

x4= % of insureds who purchased family coverage

x5= % of insureds who live in a loss ratio state

For campaigns without an incentive tactic, the best model is represented by:

y = 0.91651 – 0.00913x1– 0.00038x2 + 0.28017x3
where

y = expected stick rate (portion of insureds who pay at least one premium)

x1= average age of insureds

x2= average annual premium of insureds

x3= % of insureds who are female

These models should be tested and continuously re-evaluated as more campaigns are conducted and more data becomes available.
