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PREDICTIVE
ANALYTICS

The Power to Predict Who Will
Click, Buy, Lie, or Die
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. Identifying people who don't pay their taxes.

. Selecting suspects in criminal cases.
. Deciding which candidate to offer a job to.
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when their current contract is up.

. Calculating the probability of having a stroke in the next 10 years.
. Spotting which credit card transactions are fraudulent.

. Predicting how likely it is that a customer will become bankrupt.
. Establishing which customers are likely to defect to a rival phone plan

8. Producing lists of people who would enjoy going on a date with you.
9. Determining what books, music and films you are likely to purchase next.
10. Predicting how much you are likely to spend at your local supermarket

next week.
11. Forecasting life expectancy.

12. Estimating how much someone will spend on their credit card this year.
13. Inferring when someone is likely to be at home (so best time to call them).
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Airbnb and Big data: “Price Tips”

o Price Tips is a guide that tells hosts, for each day of the
year, how likely it is for them to get a booking at their
current price.

o Hosts can see what dates are likely to be booked at their
current price (green) and which aren’t (red).

o When price is within 5% of the suggested price, the
chances are nearly four times to get a booking.

Linear Model
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y findings for the test campaign
Test campaign: Key statistics

Number targeted 100,000
Cost of targeting each person 52
Total campaign cost $200,000
Cases of wine sold (number of responses) 1,600
Response rate (1,600 + 100,000) 1.6%
Response cost (52 + 1.6%) 5125
Number that need to be targeted to sell 25,000 cases of wine 1,562,500
(25,000 = 1.6%)

Cost of recruiting 25,000 customers (1,562,500 x $2) $3,125,000
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Test campaign
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E F
Cost per | Profit per er | Cost of ! Expected [ Etpecltﬁd
respanse | response S targeting | responders | profit (IxF)
G2/ (375 - E) (G x52) (G xD)
5400 -$335 780,850 $1,561,700 3,904 -51,268,881
sp6 st w0 sLemln 515 §1095041
5243 -$168 685,088 $1,370,176 5,639 -5947 282
5165 550 620005 51380012 3364 -§752,734
$120 —545 556,930 $1,113,860 9,282 -417,698
s s e sseM gm0 sl
573 52 322,605 5645210 8838 517,677
s 5 Boa0  smaw sese sa0991
5§57 $18 238,807 5473614 8,308 §145,582
w 1602 G524 BESs 5286946
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(end node)  contacted |responded | rate response | response S targeting responders | profit (I x F)
(bought (100% x G/ (375 -E) (Gx52) (G}
wine) C/B)
1 15,617 b 5400 -$225 780850  $1,561,700 3,904 -$1,268,881
2 16820 103 ) 5326 -5251 (B40935  §1,681,990 5,159 -51,295,041
3 13,702 13 0.823%. 5243 -$168 685,083 $1,370,176 5,639 -5947,282
o 13800 167 1% $165 =590 620005 51380012 8364 -5752,734
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Test campaign Remaining population
I 7 ]
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Score Gross profit Expected number of responders”
1 529 18,882
2 574 30,712
3 5203 7,018 i
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Score | Response Gross profit score

cost | 3 [ Total |

1 $400 Number 1,209 2,144 452 3,904
Profit -5448,539 -5731,309 589,044 -51,268 881

2 $326  Number 2,594 1621 945 5159
Profit 5770548  -5403248 5116244 51295041

3 $263  Number 1544 3514 582 5,639
Profit -5330,218 -$593,783 -$23,280 -5947 282

4 $165  Number 2,741 4603 L0 33a4
Profit 5372780 5418751 | 3798 -5752,734

5 $120  Number 2,960 5220 9282
Prafit -§269,225  -5240,104 -5417,698

3 589 Number 3435 4844 9,550
Profit 5206051 572657 | §1450081 -s133701

7 $73  Number 2614 [0S26 0 asal|  sss
Pofit  _S114968 [ 8524e | 8174001  s1e77

P s b e OGS sws
Pprofit  scaos (620558 |[se30]  sa0sm

Total Number 18,862 30,712 7,018 56,592
Profit -$2,581,253 -52,439,053 5263640 -54,756,669
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