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Modeling 200
Objectives

Gentle introduction to some advanced
classical statistical models and

ntroduction to intelligent methods for
pattern recognition

llustrate with some simple workers
compensation applications

Show examples in commonly available
software (see Excel files that accompany
slides)

Discuss practical modeling issues



Thisis acontinuation of Intro to
Predictive Modeling

B For refresher see materials on www.data-
mines .com

B Focus was on linear regression and non-
linear regression




Predictive Modeling Family

[ Predictive Modeling }

[ Classical Linear Models ] [ GLMs } [ Data Mining }




Why Data Mining?

B Better use of data
than traditional
methods

m Advanced methods
for dealing with
messy data now
avallable




Frontiers of Modeling

B Will cover some of latest analytic methods
m Naive bayes
m Logic/decision trees
m Neural networks




Kinds of Applications

m Classification
m Categorical dependent variable
= Fraud detection

» Prospective identification of catastrophic
claims

B Prediction
m Numeric dependent variable
= Frequency
= Severity
= LOSS ratio
= Profitability



The Data

B Closed claim data obtained from Texas
Department of Insurance Web Site

m Only larger claims
B Selected only employment related claims
B Dependent variables:

m Claim severity (Paid Loss)
m Serious (>$300,000)/Non-Serious Indicator



The Data cont.

B Predictor Variables
m Injury
m Cause of Loss
m Age of claimant
m Aftorney involvement
m Health insurance

m Many others
= Economic damages
= Punitive damages
= Initial reserves



Categorical Data: Contingency Table
Analysis

B Create Crosstabulations of data
m Two way tabulation of counts in cells

Burns (heat) * Serious Crosstabulation

Count
Serious
.00 1.00 Total
Burns N 1400 343 1743
(heat) vy 41 34 75
Total 1441 377 1818




Crosstabulations

B 9% of burns are serious claims vs. 2.8% of

non- burns
m Is there a correlation between burn and
serious?
Burns (heat) * Serious Crosstabulation
Serious
.00 1.00 Total

Burns N Count 1400 343 1743

(heat) % within Serious 97.2% 91.0% 95.9%

Y Count 41 34 75

% within Serious 2.8% 9.0% 4.1%

Total Count 1441 377 1818

% within Serious 100.0% 100.0% 100.0%




Chi Square Statistic

» _g (O- E)
C =a =

O = Observed (Actual) cell count

E=Expected Cell Count (under independence)
= row percent* column percent * Total count




Degrees of Freedom

« For regression and ANOVA: “Degrees of freedom for
a particular sum of squares is the smallest number
of terms we need to know In order to find the
remaining terms and thereby compute the sum”

- Iverson and Norpoth, Analysis of Variance
« For Chi Square counts rather than sums matter

« We need DF to test significance of relationship

- We look up the Chi-Square value for a given degrees
of freedom



Degrees of Freedom for Chi Sgquare

m There are four cells in total

B Formula (rows — 1)*(columns — 1)
mThisis(2-1)*(2-1) =1

m \We know the row percent serious and the

column percent serious, and the total count
which leaves only one free parameter



Chi Sguare Statistic - Burns

Chi-Square Tests

Asymp. Sig. | Exact Sig. | Exact Sig.
Value df (2-sided) (2-sided) (1-sided)
Pearson Chi-Square 28.792° .000
Continuity Correction? 27.253 .000
Likelihood Ratio 23.923 .000
Fisher's Exact Test .000 .000
N of Valid Cases 1818

a. Computed only for a 2x2 table

b. 0 cells (.0%) have expected count less than 5. The minimum expected count is 15.

55.




Correlation Measure: Contingency
Coefficient

m Categorical variable correlation or measure of
association

m Varies between 0 and 1
B O = no association, 1 = perfect association




Contingency Coefficient - Burns

Symmetric Measures

Value Approx. Sig.
Nominal by Nominal ~ Contingency Coefficient 125 .000

N of Valid Cases 1818

a. Not assuming the null hypothesis.
b. Using the asymptotic standard error assuming the null hypothesis.



Chi Sguare and Contingency
Coefficient — All Injuries

Chi-Square Tests

Asymp. Sig.
Value df (2-sided)
Pearson Chi-Square 205.8762 16 .000
Likelihood Ratio 201.862 16 .000
pusssu N I EEY I
N of Valid Cases 1818

a. 12 cells (35.3%) have expected count less than 5. The
minimum expected count is .41.

Symmetric Measures

Value Approx. Sig.

Nominal by Nominal =~ Contingency Coefficient .319 .000
N of Valid Cases 1818

a. Not assuming the null hypothesis.

b. Using the asymptotic standard error assuming the null hypothesis.



Crosstabulations in Excel: Pivot

Tables

B One of easiest ways In
Excel to get cross
tabulations is to use
Pivot Tables

m Highlight (i.e, select)
range where data is

B On Data toolbar
m Click pivot table

PivotTable and PivotChart Wizard - Step 1 of 3

— |
| | —

Where is the data that you want to analyzer?
{* iMicrosott Excel lisk or database!

(" External daka source

" Multiple consolidation ranges
~

Wehat kind of report do you wank to create?
{* PivotTable
" PivobiChart repaort (with PivotTable report)

Zancel | Mext = |

Fini

ish




Pivot Table: Specify Range

PivotTable and PivotChart Wizard - Step 2 of 3 @@

\Where is the data that you want to use?

Range; [abBERILDE Brouse. .

@ Cancel ¢ Back et Finish

alaninly ar 1 1



Pivot Table: Specify where output
goes

PivotTable and PivotChart Wizard - 5tep 3 of 3

Where do wou want ko put the PivotTable repaorty

(¢ Mew warksheet

(" Existing warksheet
| 5

iClick Finish ko create wour PivokTable report,

®| Layaut, .. iopkions. .. | iZancel | < Back . Finish




Pivot Table- Specify Layout

PivoiTable and PivotChart Wizard - Layout

Zonstruck waur FivaokTable report by
dragging kthe field butkons on the right
ko the diagram on the left,

| Injursy | |EurnHeat|| |Nervn:nu5|

COLUMM

DATA

| Cause | themburnl |Hearing |

|F'aiu:||n:|55| | Poison | |Cirn:u|atn:|r|

| age | [Poisoth || Mo |

|Deathn | | Even | | Back |

| Armpr | | Fespn | | Skin |

J | 2

" anral




FIVOL [aple — SpecCiTy Injury as ROW and
Serious as Column and count of Serious as
o

PivotTable and PivotChart Wizard - Layout

Fead % Conskruck wour PivatTable report by
& dragging the field butkons on the right
ko the diagram on the left,
Metvyous Brain Setious
PAGE Serious | COLUMM X

Hearing acar

Imjursy gy

LU o SErlaLE Circulator] | Spinal
ROW DATA PR Ckhern

Back. HealthIns

Skin WiZ,Ins

Help | Ik Cancel |




Pivot Table: Click OK, Finish

Count of Serious |Serious
Injury 0 1|Grand Total
1 28 11 39
2 26 19 45
3 15 6 21
4 16 16
6 5 5
7 37 37
8 4 4
9 4 2 6
10 1 1 2
11 492 129 621
12 410 52 462
13 9 9
14 15 11 26
15 12 8 20
16 15 11 26
17 253 27 280
18 99 100 199
Grand Total 1441 377 1818




Pivot Table-Assign Labelsto Injury

Injury Injury Code Non Serious Serious Grand Total
Amputation 1 28 11 39
Burnsheat 2 26 19 45
Burnschemical 3 15 6 21
Systemicpoisoningtoxic 4 16 16
Systemicpoisoningother 5 0 0 0
Eyeinjuryblindness 6 5 5
Respiratorycondition 7 37 37
Nervouscondition 8 4 4
Hearinglossorimpairment 9 4 2 6
Circulatorycondition 10 1 1 2
Multipleinjuries 11 492 129 621
Backinjury 12 410 52 462
Skindisorder 13 9 9
Braindamage 14 15 11 26
Scarring 15 12 8 20
Spinalcordinjuries 16 15 11 26
Other 17 253 27 280
Death 18 99 100 199

Grand Total 1463 355 1818




Use Pivot Table to Compute Chi-

Square

Data for Calculation

Row Percent (serious) Column Percent (Non-Serious)

Column Percent (Serious)

Serious/Total

Injury Cell Count/Row Total Non Serious/Total
Amputation 2.1% 80.5% 19.5%
Burnsheat 2.5% 80.5% 19.5%
Burnschemical 1.2% 80.5% 19.5%
Systemicpoisoningtoxic 0.9% 80.5% 19.5%
Systemicpoisoningother 0.0% 80.5% 19.5%
Eyeinjuryblindness 0.3% 80.5% 19.5%
Respiratorycondition 2.0% 80.5% 19.5%
Nervouscondition 0.2% 80.5% 19.5%
Hearinglossorimpairment 0.3% 80.5% 19.5%
Circulatorycondition 0.1% 80.5% 19.5%
Multipleinjuries 34.2% 80.5% 19.5%
Backinjury 25.4% 80.5% 19.5%
Skindisorder 0.5% 80.5% 19.5%
Braindamage 1.4% 80.5% 19.5%
Scarring 1.1% 80.5% 19.5%
Spinalcordinjuries 1.4% 80.5% 19.5%
Other 15.4% 80.5% 19.5%
Death 10.9% 80.5% 19.5%




Compute Chi Sguare Statistic

Expected Chi Square Statistic
Non-Serious Serious Observed-Expected)*2)/Expected

row* non-serious* N row* Serious*N Non-Serious Serious
31.4 7.6 0.4 1.5
36.2 8.8 2.9 11.9
16.9 4.1 0.2 0.9
12.9 3.1 0.8 3.1
4.0 1.0 0.2 1.0
29.8 7.2 1.8 7.2
3.2 0.8 0.2 0.8
4.8 1.2 0.1 0.6
1.6 0.4 0.2 1.0
499.7 121.3 0.1 0.5
371.8 90.2 3.9 16.2
7.2 1.8 0.4 1.8
20.9 5.1 1.7 6.9
16.1 3.9 1.0 4.3
20.9 5.1 1.7 6.9
225.3 54.7 3.4 14.0
160.1 38.9 23.3 96.2
Sum Chi-Square 217.0
df = (r-1)(C-1) 17
Chi Square p 1.04747E-36

Result: Statistically Significant
Conclusion: Significant association



Use Chi Sguare Distribution Function
to Test Significance

m Specify Chi Square value and df, functions gives
probability

m Probablility < 5% generally considered significant
Function Arguments @E

CHIDIAT

* | N~ - - 170407043

Deg_freedom |T25 E =17

= 1.04747E-36
Returns the one-tailed probability of the chi-squared distribution,

X is the value ak which wou want to evaluate the distribution, a nonnegative
number .,

Farmula resulk = 1.04747E-36

Help on this Funckion (] 4 Zancel




Hypothesis Test vs Prediction

B Chi square typically used to test significance of an
association

B We are interested in prediction, not hypothesis
testing

m Chi square is used in one of the common data
mining models: decision trees

m \We will return to it to see how It Is used

B \We now move to other methods to predict
categorical variables
m Naive bayes
m Logistic regression



Review from Last Workshop: Regression
for Prediction

« One of most common statistical methods fits a line to data
« Model: Y = a+bx + error
e Error assumed to be Normal

Workers Comp Sevirity Trend

$10,000
$8,000
$6,000 °
$4,000 A )

$

1990 1992 1994 1996 1998 2000 2002 2004

Severity

Year

| ® Severity Fitted Y|




A Brief Review of Regression

« Fits line that minimizes squared deviation between actual and
fitted values

min(a (Y, - Y)*)

N
a (Y- Y)(X - X)
b — =1
N
a (% - X)*

=1

Q
1l
<
(@)
X



Excel Does Regression

 Install Data Analysis
Tool Pak (Add In) that

comes with Excel
» Click Tools, Data e X

. - Input ¥ Range: FHE1 L 3H325 K,
Analysis, Regression ' o
Input % Range: |$J$1 Lid2gz3 E
[ Labels [ Constant is Zero ek

[ Confidence Level: a5 U

Oukput options
+ Outpuk Range: |$5$4 E
{7 Mew Worksheet Ply: |
" Mew Workboaok

Residuals
v Residuals v Residual Ploks
[v Standardized Residuals v Line Fit Plaks

Mormal Probability
[v Mormal Probability Plaks




Key Statistic: Residual

The Residual plays a key role in regression
evaluation and diagnhostics

Residual, =Y - Y

~

Y. Ismode! estimate for Y,

SR = Sum Squared Residual

=8 (Y,-Y,)?

1



Goodness of Fit Statistics

« RZ?: (SS Regression/SS Total)
- percentage of variance explained
« F statistic: (MS Regression/MS Resid)
- significance of regression
« T statistics: Uses SE of coefficient to determine if it
IS significant
- significance of coefficients

- Itis customary to drop variable if coefficient not
significant

 Note SS = Sum squared of errors



Output of Excel Regression Procedure

SUMMARY OUTPUT

Regression Statistics

Multiple R 0.72
R Square 0.52
Adjusted R Square 0.48
Standard Error 1052.73
Observations 13.00
ANOVA
df SS MS F Significance F
Regression 1 13269748.70 13269748.70 11.97 0.01
Residual 11  12190626.36 1108238.76
Total 12 25460375.05

Coefficients Standard Error t Stat P-value Lower 95%  Upper 95%

Intercept 3445.41 619.37 5.56 0.00 2082.18 4808.64
X Variable 1 270.02 78.03 3.46 0.01 98.27 441.77




Assumptions of Regression

« Errors independent of value of X

« Errors independent of value of Y

« Errors independent of prior errors

« Errors are from normal distribution
 Linearity

« We can test for validity of assumptions




Diagnostics: Residual Plot

« Points should scatter randomly around zero
« If not, a straight line probably is not be appropriate

2500
2000 *
1500 + ®
1000 + o

500 1

Residuals

-500
-1000
-1500
-2000

X Variable 1




Non-Linear Relationships

« The model fit was of the form:
. Severity = a + b*Year
« A more common trend model is:
. Severityy ,,=Severityy .o *(1+t)(Year-year)
- T Is the trend rate
. This Is an exponential trend model
. Cannot fit it with a line



Transformation of Variables

> W NhoE

Severityy ., =Severity, oo (1+t)(Year-Yearo)
Log both sides
In(Sevy.,)=In(Sev,. o)+ (Year-Year0)*In(1+t)

Y = a + X * b
A line can be fit to transformed variables
where dependent variable is log(Y)



Stepwise Regression

B Partial correlation

m Correlation of dependent variable with
predictor after all other variables are in model

B [ — contribution

m Amount of change in F-statistic when variable
Is added to model



Stepwise regression-kinds

B Forward stepwise

m Start with best one variable
regression and add

m Backward stepwise

m Start with full regression and
delete variables

B Exhaustive



L ogistic Regression

B A very common method for modeling
categorical dependent variables

B A member of the GLM family of models
m Distribution typically assumed to be binomial

P(X = x,N) = aEN-|o L- p)N*
eX %]

m For instance the probabillity of three heads in
four tosses of a coin is:

P(X =3, N =4) = ?01 (1- _)43_i1 - 0.0156

€352 3112



Odds Ratio

B The odds ratio is the ratio of the probabillity of
success to the probability of non-success

OddsRatio = P
1-p
p = probability of success
|.e: probability of seriousclaim

1-p=probability of non-serious claim

m \We can compute this in Excel from our Texas
data



Odds and Log Odds for Injury Data

Actual
Non
Injury Serious Serious
Death 99 100|
Back Injury 410 | 52
509 152
Column Percent 253% 76%

ODDS Ratio: Ratio of srerious to non-serious

Injury Odds Ratio Log Odds
Death 1.010 0.0100503
Back Injury 0.127 -2.064913




|mplementation in Excel

B Dependent variable is log of odds ratio or logit
(hence logistic regression)

B |ndependent variables are:
m Age group: use the midpoint of the age buckets
m 14-30, 31-37, 38-43, 44-50, 51-83
m Brain-spinal injury (a brain or spinal cord injury)
m Death
m Burns

m We drop assumption of binomial distribution

B Use Regression procedure in Excel



Logistic Regression: Practical
conslderations

B Use Aggregated data

B The Odds ratio is undefined if non-serious=0,
so test for O and add small constant (0.01)

B The log odds Is undefined if serious Is O, so
add small constant (such as 0.01)



Output From “Logistic’ Regression”

Full model: logodds ~ age + brainspinal + death + burns

SUMMARY OUTPUT

Regression Statistics
Multiple R 0.64984591
R Square 0.4222997
Adiusted R Sa 0.31726328
Standard Errol. 0.34260649

Observations 27
ANOVA

df SS MS F Significance F
Regression 4 1.887696| 0.471924 4.020507 0.013502534
Residual 22 2.582342 0.117379
Total 26 4.470038

Standard
Coefficients Error t Stat P-value Lower 95% | Upper 95%

Intercept -0.2016383 0.219018| -0.92065 0.367221 -0.65585 0.25258
agegroupavg @ -0.00788884 0.00433 -1.8218 0.082111 -0.01687 0.00109
brainspinaln 0.4165116 0.150089| 2.775092 0.011042 0.10525 0.72778
deathn 0.36856769 0.136655 2.697059 0.013165 0.08516 0.65197

burnsn 0.1368833 0.150152 0.911632 0.371844 -0.17451 0.44828




Assessment of Logistic Regression:
Full Model

B Not a very good fit
B Burns is least significant predictor



Reduce Size of Model

Reduced model: logodds ~ age + brainspinal + death

SUMMARY OUTPUT

Regression Statistics
Multiple R 0.63283212
R Square 0.40047649
Adjusted R Sq 0.32227777
Standard Errol 0.341346

Observations 27
ANOVA

df SS MS F Significance F
Regression 3 1.790145 0.596715 5.121267 0.007356902
Residual 23| 2.679893 0.116517
Total 26 4.470038

Coefficients iandard Erri  t Stat P-value Lower 95% ' Upper 95%

Intercept -0.12770738| 0.202702) -0.63002/ 0.534888 -0.54702909 0.29161434
agegroupavg @ -0.00800394 0.004312 -1.85599 0.076313 -0.01692498 0.00091711
brainspinaln 0.36881092 0.140156 2.631439 0.01492 0.078876924 0.65874492
deathn 0.34985393 0.134608 2.599062 0.016044 0.071396585 0.62831128




Reduce Model cont.

Can we eliminate the variable burnsn?

Compare full model with reduced model.

Full model Reduced Model
Residual sum of squares (RSS) 2.5823 2.6799
p = q =

Number variables in model 5 4
n= number observations 27
Numerator of F statistic for comparison =

Difference in RSS / (p-q) 0.0976
Denominator of F statistic

RSS full model / (n-p) 0.1174
F-value = Numerator/Denominator 0.8311
Parameters for F: p-g,n-p ( 1 22 )
The 5% confidence value for F(1,22) is 4.3

Since the F value is less than the critical value,
we can drop the variable burnsn from the model.



Reducing the size of a Modéd!:
Comments

B The model design used was not ideal:

B Too few elements In some of the summarized
records.

m Some cells had one claim only.
B No recognition of relative weight by cell.



Next attempt:

B Summarize data further.

B Reduce number of variables.



Summarize Data Further

Observed summarized data

agegroup empirical
brainspinal agegroup2 agegroup avg seriousn = nonseriousn p logodds
0 14-50 14-30 21 81 266 0.2334 -1.1890
0 14-50 31-37 34 75 288 0.2066  -1.3455
0] 14-50 38-43 40 75 295 0.2027 -1.3695
0 14-50 44-50 47 61 249 0.1968 -1.4066
0 50-83 50-83 65 64 278 0.1871  -1.4687
1 14-50 14-30 21 9 9 0.5000 0.0000
1 14-50 31-37 34 6 4 0.6000 0.4055
1 14-50 38-43 40 10 7 0.5882 0.3567
1 14-50 44-50 47 15 10 0.6000 0.4055
1 50-83 50-83 65 5 11 0.3125 -0.7885

401 1417




Refining the Fit

B Logodds is the dependent variable.

B Use average age in each bucket as numerical
predictor

B Use brain/spinal cord injury (br-sp) as binary
categorical predictor

m Allow for interaction between age and br-sp.

B Introduce “artificial” variable to segregate 51-83
category. 51-83 category with br-sp injury is an
outlier.

B Detailed analysis of fitting process provided by Joe
Marker, FCAS, MAAA



Revised M odel

SUMMARY OUTPUT

Regression Statistics
Multiple R 0.997667
R Square 0.99534
Adjusted R Squ:. 0.989514
Standard Error = 0.085106

Observations 10
ANOVA

df SS MS F Significance F
Regression 5| 6.187769 1.237554 170.8601 9.45785E-05
Residual 4 0.028972 0.007243
Total 9| 6.216741

Coefficientsandard Errt  t Stat P-value Lower 95% Upper 95%

Intercept -1.02819 0.163766 -6.27839 0.003286 -1.48287288 -0.5735
brains 0.769624 0.2316 3.323078 0.029294 0.126600193 1.412649
ageavg -0.00844 0.004455 -1.89363 0.131199 -0.02080364 0.003933
group2ind 0.107756 0.162244 0.664159 0.542917 -0.34270601 0.558218

brainsxgroup2in -1.64554 0.229448 -7.17175 0.002002 -2.28259053 -1.00849
brainxavg 0.023942 0.0063 3.800328 0.019098 0.00645031 0.041433




Final Modedl: Actual vs Fitted Vaue

Model: logodds ~ average age by brain-spinal indicator

logodds | ogodds | fitted br | fitted no-

b == E i | brsp Ro-kr-se ] br-so
21 0.0000 -1.1890 0. 057 1 -1.2053
3 0.4055 -1.3485 0. 2658 -1.21580
40 0.3567 -1.3695 0.3617 -1.368596
a7 04055 -1 4055 04702 -1 4247
B85 -0.7825 | 14887 | -0.T385 @ -1 4827

Mote: Ade 51-83 separated out &5 a separste cateqony
becsuse ity lagocdds far brsin-spinsl cateogors is anautlier

Fitted and Actual locgodds

1.0000
05000 =
0.0000 i b —&— logodds br-sp
™~ logodds no-br-sp

-0.45000 .

=4 [« fitted br-5p
-1.0000 % —— fittad no-br-sp
-1.5000 .
-2.0000

21 el 40 A7 K5
Average age in age buckets

br-sp means brain'spinal cord iniuny
no-br-sp means no brainfspinal cord injuny



R/S-Plus Code




Nalve Bayes

B Nalve Bayes assumes conditional
Independence

m Probability that an observation will have a
specific set of values for the independent
variables is the product of the conditional
probabilities of observing each of the values
given category cj

P(X|c))=0 P(xc))

\



Naive Bayes

p(CO PO I ;)

P(C; | Xq X0 X ) = 6’ P00
j



Naive Bayes

B Only classification problems (categorical
dependents)

B Only categorical dependents

B Create groupings for numeric variables such
as age
m \We split age into quintiles (5 groups)



Naive Bayes — Starting Point is Pivot
Table

Count of Serious |Serious % Serious

Cause 0 1|Grand Total Given Independent Variable
Airtransportation 1 1 0.0%
Drowning 4 4 0.0%
Explosions 16 17 33 51.5%
Falls 351 76 427 17.8%
Fire 9 7 16 43.8%
Firearm 5 2 7 28.6%
Offroadvehicle 28 13 41 31.7%
Oilgasextraction 27 16 43 37.2%
Other_A 276 92 368 25.0%
Othermotorvenhicls 554 121 675 17.9%
PollutionToxicexp 58 1 59 1.7%
Railway 8 3 11 27.3%
Surgicalmedicalce 27 6 33 18.2%
Useofagriculturaln 6 6 0.0%
Useofdefectiveprd 71 23 94 24.5%
Grand Total 1441 377 1818 20.7%




Naive Bayes — Starting Point is Pivot
Table cont.

Count of Serious |Serious % Serious

|Age Group 0 1|Grand Total Given Independent Variable
1 245 76 321 23.7%
2 291 75 366 20.5%
3 258 59 317 18.6%
4 311 93 404 23.0%
5 336 74 410 18.0%

Grand Total 1441 377 1818




Naive Bayes. Probability of Independent
Variable Given Serious/Non Serious

Count of Serious |Serious Probability Cause

Cause 0 1|Grand Total Given Non Serious
Airtransportation 1 4 T 90007
[E)rO‘I’V”i_”g 12 divide cell by row total for non 8-8%?

xplosions - - :

Falls a51  |Serious claims 0.2436
Fire 9 7 16 0.0062
Firearm 5 2 7 / 0.0035
Offroadvehicle 28 13 4 0.0194
Oilgasextraction 27 16 13 0.0187
Other_A 276 92 368 0.1915
Othermotorvehicle 554 121 675 0.3845
PollutionToxicexp 58 59 0.0402
Railway 8 3 11 0.0056
Surgicalmedicalcd 27 6 33 0.0187
Useofagriculturaln 6 6 0.0042
Useofdefectiveprd / 23 94 0.0493
Grand Total %1 377 1818 1.0000




Nalve Bayes. Probability of Independent
Variable Given Serious/Non Serious cont.

Count of Serious [Serious Probability Age Probability Age
Age Group 0 1|Grand Total Given Non Serious Given Serious
1 245 321
2 291 75 366
3 258 59 317
4 311 93 404
5 336 74 410
Grand Total 1441 3ﬁ 1818




Put it together to make a prediction

m Plug in specific values for Injury, cause and
age group and get a prediction

B Chain together product of injury* probability of
cause * probabillity of age * probability non-
serious

Age Probability Probability  Probability Probability

Inj Code Cause Group Injury Cause Age Injury
1 Useofdefective 2 0.0194 0.0493 0.2019 0.0292
1 Other_A 2 0.0194 0.1915 0.2019 0.0292

Probability  Product-
Probability Cause Age NS Product-S Ratio (NS/S) Class
0.0610 0.1989 0.0002 7.34E-05 2.09E+00 Non-Serious
0.2440 0.1989 0.0006 2.94E-04 2.03E+00 Non-Serious




Advantages/Disadvantages

B Computationally efficient

B Under many circumstances has performed
well

B Assumption of conditional independence
often does not hold

B Can't be used for numeric variables



Trees — One of the most common
methods

m Creates a set of logic
rules bases on
recursive partitioning of
the data

Serious

Mode O
hlean 0.207
Std. Dew. 0.406
n 1818
W 100.0
Fredicted 0.207
=]

Injury|Code
Adj. P-walue=0.000, F=73.794,
df1=3, diz=1314

1.00; 11.00; 9.00; 200 12.00; 17.00; §.00; 12.00; 4.00; 18.00; 2.00; 16.00; 15.00; 14.00; F.o0
5.00 | 1000 |

Node 1 Hode 2 Hode 3 Node 4
Mean 0215 Mean 0102 Mean 047z Mean o.oon
Std. Dew. 0.411 Std. Dew. 0,202 Std. Dew, 0.500 Std. Dew. 0.000
n G687 n TTG n 318 n 3T
% ITE k3 427 % 7.5 % 2.0
Fredicted 0215 Predicted 0102 Predicted 047z Fredicted o.oon




Tree for Numer

|1C

Dependent

Paidioss

Ta T

Mean 219854671

S Dev. 369159434
1928

njury Code
Improvement=11E10

% 100.0
Predicted_219854.671
d

100 1800, 16,00 15.00: 1400

ToeeT
Men  asela0 277
Sid. Dev. 565084 043
n a1

1200; 1100; 17.00: 5.00; 9.00; 200
1000; 7.00; 3.00; 1300; 4.00: £.00

ToeeT
Mean 171283425
St Dev, 274799522

% 829
Predied 171283425

Cause Code Cause Code
Improvement=1. 166 Improvement=0 168
1500 400;6.00; 1400 100; 1200, 8.00:5.00; 13.00:9.00: 10.00:11.00; 120090011000 5.00;1500; 400: 600 14.00:500;
200 | 700,200 | 1003300300 00,700
Node 3 Node 4 Node Node 6
Mean 489025 715 Mean 251872558 Mean 37197 Mean 165814 961
Std.Dev. 569628 172 St Dev. 350491361 Std. Dev. 372612 810 Sc.Dev. 269730 605
n 267 n a n 40 n 1468
3 147 % 24 22 807
Predced 420005 715 Predited 251672558 predeied 371976 060 Predicied 155614 961
Climart age injury Code
improvement=6.0E8 romengiTEs
5350 >5350 11.00:9.00:20010.00:3.00 1200 17.00;6.00: 700 13,00 4.00;
800
Node? Node § Vo 4 Node 10
ean  sisoz7 767 | |wean  3seasesrs Mean 199549 100 Mem 138259 840
stc. Dev. 610001 745 | | st cev. 320049.650 Sta. Dev. 243750 524 Std. Dev. 286439 460
n 227 n a0 n 660 n £y
0 125 % 22 3 363 13 414
Prosced_sisozr 767 | | pregicies_sssasesrs Predicted_199549 100 Predicted 138259 840
injry Code Claimant age Cause Code
omenesees Improvemgni=29E8 Improvemst=5. 268
1
1800 1400 50 »2q50 $00:0 140§ 0110001508 5000 20100
Toe T o3 T e T oTe T ot IO
Mean  Ss5ds8 625 e 3aee 27 | | wean 1 2 Mean 49,303 Mean  192239.407
o Dev. 668812 323 sid. Dev. 357461 456 | | sta. Dev. 239170 w6 SaDeu. 145516494 Su Dev.  480366.714
n ® n 15 n 645 n 57 n 21
" 13 % 355 % %
Precictey 555458 625 predices_sares 267 | | predicies 105081 22 Precicted_116649 303 Predicted 192239 407

Cause Code

Improvement=2.168

Claimant age
Improvement=5.1£8

——

>250

600,100 16.00,4.00;14.0012.00:3.00 350
Noae T e T T3 TS oo 70
Mean 536049 125 Mean 004 605 wean 377915260 | [ wen  seeaor 671
s 347748 544 Sid. Dev. 481272 31 suDev. 321077608 | | suDev  7o8se1 500
5 n il n k3 n Py

" 0 " 24
Prediced 536049 125 Predited 353004 G5

3 14
Predicied_377915.280

Claimantage Claiman age
Improvement=2 085 Improvemant=17E8
<80 >a0s0 <4350 >a350
7T ez = e T
mean 139834 7 | fean 205167 867 vean 221440403 | fuean  1aseasor0
Sid. Dev. 161513 6 | | std. Dev. s Dev. soveaosso | | super. 16388803
n B n 142 n B
" sa || 01 " 78 % a9
Predite 139834 7 | | predicies 205167 867 procited 221440493 | | predicted 145648910

% 79
Predicted 586497 671




Trees— Example of Tree Logic Rules

/* Node 1 */

DO I F (VALUE(injury) EQ 1 OR VALUE(injury) EQ 11 OR VALUE(injury) EQ9
OR VALUE(i nj ury) EQ 3).

COVPUTE nod_001
COMPUTE pre_001
END | F.

EXECUTE.

O 215429403202329.

/* Node 2 */
DO IF (SYSM S(injury) OR VALUE(injury) NE 1 AND VALUE(injury) NE 11
AND VALUE(injury) NE 18 AND VALUE(injury) NE 9 AND VALUE(inNnjury)
NE 2 AND VALUE(injury) NE 16 AND VALUE(injury) NE 15 AND
VALUE(injury) NE 14 AND VALUE(injury) NE 10

AND VALUE(injury) NE 7 AND VALUE(injury) NE 3).
COWPUTE nod_001 = 2.
COVWPUTE pre_001 = 0.10180412371134.
END | F.
EXECUTE.

/* Node 3 */

DO I F (VALUE(i njury) EQ 18 OR VALUE(injury) EQ 2 OR VALUE(injury) EQ 16
OR VALUE(injury) EQ 15 OR VALUE(injury) EQ 14 OR VALUE(injury) EQ 10).
COWUTE nod_001 = 3.

COVPUTE pre_001 = 0.471698113207547.

END | F.

EXECUTE.

/* Node 4 */

DO I F (VALUE(I nj ury) EQ 7).
COVPUTE nod_001 = 4.
COVPUTE pre_001 = O.

END | F.

EXECUTE.



One of Earliest Methods - CHAID

B Chi square automatic interaction detection

B Uses Chi square goodness of fit statistic to
build model

B First merge together categories that are not
statistically different



Combine categories

Actaul Column %

Non
Injury Serious Serious Grand Total Non-Serious % Serious %
Death 99 166 199 49-7%—»50.3%
Circulatorycondition 1 : 1 : : .0%
Braindamage 15 |Combine together cells with 26 57.7% 42.3%
Spinalcordinjuries 15 [Similar percents 26 57.7% 42.3%
Burnsheat 26 57.8% 42.2%
Scarring 12 60.0% 40.0%
Hearinglossorimpairment 4 66.7% 33.3%
Burnschemical 15 71.4% 28.6%
Amputation 28 71.8% 28.2%
Multipleinjuries 492 79.2% 20.8%
Backinjury 410 88.7% 11.3%
Other 253 90.4% 9.6%
Systemicpoisoningtoxic 16 16 a  100.0% 0.0%
Systemicpoisoningother 0 0 0 100.0% 0.0%
Eyeinjuryblindness 5 5 100.0% 0.0%
Respiratorycondition 37 37 100.0% 0.0%
Nervouscondition 4 4 100.0% 0.0%
Skindisorder 9 9 100.0% 0.0%




Use Chi Sguare statistic to Combine
Categories of Predictor Variables

Actual
Non
Injury Serious Serious Grand Total Row Percent
Death 99 100 199 99.0%
Circulatorycondition 1 1 2 1.0%
100 101 201
Column Percent 50% 50%
Expected
Non
Injury Serious Serious
Death 99.00 100.00
Circulatorycondition 1.00 1.00
Chi Square Statistic
Non
Injury Serious Serious
Death 0.00 0.00
Circulatorycondition 0.00 0.00
Sum 0.00
df 1
Probability 0.994358

Conclusion: not significantly different



Combine Categories

B Continue to combine categories until only
those that are significantly different in their
predictions are left

B For numeric variables, only contiguous
categories are combined

m For categorical variables, all permutations
tested

m Do this for all predictor variables



Select variable to split on

m After combining similar categories

m Compute Chi square statistic for each of the
crosstabulations of serious by predictor
variable

m Determine which variable gives the highest
Chi square

m Select that variable to split on in the first step



Repeat the process

B For each node created

B For each predictor variable
m Combine similar categories
m Pick best variable to split on
m Split again at that node

m Keep splitting until no more significant splits
| can be found



A Final Tree

Serious

Mode 0
hean 0207
Std. Dew. 0.406
n 1218
% 100.0
Fredictad 0.z207

| =]
Injury Code
Audj. P-walue=0.000, F=73.794,
di1=3, diz=1314

1.00; 14.00; 9.00; 2.00 12.00; 17.00; 5.00; 12.00; 4.00; 12.00; 2.00; 16.00; 15.00; 14.00; F.00
g.00 | 10.00 |
Mode 1 Mode 2 Mode 3 Hode 4
fMean 0.215 Mean 0102 Mean 0472 fMean 0.000
Std. Drew. 0411 Std. Dew. 0303 Std. Drew. 0.500 Std. Drew. 0000
n 587 n =] n 318 n a7
% 378 % 427 % 175 % z0
Fredicted 0.215 Predicted 0102 Fradicted 0472 Fredicted 0.000
=

Attorney inwohrement - plaintiff
Adj. P-walue=0.008, F=7 177,

df1=1, df2=625
[ |
Mode 5 Node &

fean 02249 fean 0.000
Std. Dew. 0.7 Std. Dew. 0.000
n 662 n 26

i 36 .4 i 1.4
Predicted 0224 FPredictad 0.000




CART

m Classification and regression trees
B Does binary (two-way) splits

m For numeric dependent variables, splits on
variable creating greatest reduction in sum of
squared errors

B For categorical variable, usually Gini index or
entropy

m Keeps splitting until no significant reduction in
sum squared errors



CART Treefor Paid Loss Severity

Fakins
Hok0
Waan 21585057
3d. Dev. 93913040
n tata
% 1000
Pradited 219354671
=
Inury Cade
Impravamant= 1.1E40
1.0 1200: 16.00; 15.00: 1400 12200: 1.00: 17.00:6.00: 900: 200
10.00: 7.00: 2.00: a;:lo-.am:am
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Waan 435100 277 Waan 171281425
. Dev. S5 040 B Dev.  2PMIER
n a1 n 1508
% 171 % e
Pradided 435120 277 Pradited 171280425
= [ =
Cana ok Cana ok
Im pravamant=1.1E9 Im pravaman=9.1E4
15.00: &.00: 600: 1400 100 1200: .00: 5.00: 1200: 900: 10.00: 11.00: 1200:9000: 10,00 A0 1500: 4 00 B00: 100 500
am | 70200 | |m:1am:am:nim:?m
Hokd Waded Hoded Hadeh
Waan AN TIS Waan 255 Waan TPIGPELSD Man 16514 961
o Dav. SRR Fd. Dav. 90491761 Bd.Dev.  TRIZAN0 Fd.Dev.  ZPNEE
n =7 n rl n af n 1453
% 147 % Za % 22 @7
Pradited  AARSTIS Pradiled  Z51872.553 Pradicied  OPISPE0S0 Pradited 155314551
I =
Inury Cade
|mnmme|m-?sm
11.00: 9.00: 2.00: 10.00: 200 1200: 17.00: G100: 7.00: 1200: 400
am |
Hada? Haded
Maan 19654100 Waan 1T
d.Dev.  2CPI0EM S Dev.  20GLTAED
n w0 n aw
% ) % a14
Pradicted  198540.109 Pradiled  13E25940
[ = I =
farnay Ineabeameant - plalnf CanaCode
Impracamant=10E Im prervamani=5 263
T 4m:am:14m:|1am:nm am:ism:sm:ilm:am:?m
Haded Hade 10 Hade 11 Hode 12
Waan DT A Haan TR Hamn 116549 20 Haan 19220407
Bd.Dev.  DaB19Z3E 3d. Dev.  ATETEE 3. Dev. 143515 A% . Dev.  4H0ETIL
n [ n 3 n a7 n 1
% 350 % 12 % a7 127
Pradited 25171476 Pradidad  S0545792 Pradidiad 116549 300 Pradidad 192200407
= | =l
Chlmanage Clalman age
Im prarvamani=2 761 Im pravamant= 1 7E3
== M3 =M PRLE = a2
Hade 12 Hade 14 Hade 15 Hode 16
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Neural networks

B Developed in artificial intelligence discipline
B Based on how neurons function in the brain

m Can be viewed as a generalization of
regression



Neural Networks

« Also minimizes squared deviation between
fitted and actual values

« Can be viewed as a non-parametric, non-
linear regression



The Feedforward Neur al
Networ k

Three Layer Neural Network

Input Layer Hidden Layer Output Layer
(Input Data) (Process Data) (Predicted Value)




The Activation Function

« The sigmoid logistic function

1

f(Y) =
(Y) 1+¢€”

— *
Y =w,+w* X, +W, X,...+w X

n n



TheLogistic Function for

Nonlinear M odeling

Logistic Function for Various Values of wl
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Variety of Shapeswith Logistic Curve

Logistic Curve with Bias of -1
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Neural Network Software

B There are some inexpensive Excel add-ins
m Good for becoming acquainted with method
m Neural XL
m Brainmaker
B R (www.r-project.org) free statistical language
m Load nnet or neural library




Development Example: Incremental
Payments Used for Fitting

Scatterplot of IncrementalPaid Losses
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Two Methods for Fitting
Development Curve

 Neural Networks

- Simpler model using only development age for
prediction

- More complex model using development age and
accident year

« GLM model
- Example uses Poisson regression
- Like OLS regression, but does not require normality
. Fits some nonlinear relationships
- See England and Verrall, PCAS 2001



The Chan Ladder Model

Cumul atiV(_e paid:
J
Dij = a Cik
k=1
Age to age factor:
Di, j+1
D J

Estimate of age to age factor using mean:

Iij:

A
alij

| . =1=1
L




Common Approach: The
Deterministic Chain Ladder

Estimate of paid at 24 months:
Co4 =D12l12- D12

Estimate of Ultimate Paid:

u
Diy = Djj Olik
| K= ]

X



GLM Moded

A Stochastic Chain Ladder M odd

Poisson M odel:
E(Cjj) =mij =Xy
Var[Cij] :inyj
N
ayk=1
k=1

- Data often normalized by dividing by an exposure

base



Hidden Nodes for Paid Chain

| adder Example
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NN Chan Ladder Model with 3
Nodes

3 Node Neural Network Fitted
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Univer sal Function
Approximator

« The feedforward neural network with one
hidden layer Is a universal function
approximator

« Theoretically, with a sufficient number of
nodes Iin the hidden layer, any continuous
nonlinear function can be approximated



Excel Add-In Neural Network: Set-up

¥ BrainMaker MMX Accelerated [TXDAT. def]

File Edit ©perate Parameters Conneckions Display

aiting ©@A:B82:88 Facts: THDAT .fct Learn: 1.8 Tolerance: A_1868
Fact: A Total:- @ Bad: @ Last: A Good:- @ Last: A Run: A
REportLag CauseCode PrimaryFPa
Out:
age 1 Ptn:
12 11
17 18
[
30
L]
0.000 0.500 1.000
1.0000
0.000
Runs 1 to 200 shown




L earning Rate

Learning Parameters E|

Learning Fate: |LELLE
Srnoothing Factar: (0,300

E. Cancel \




Training Parameters

Training Control Flow

Training Tolerance:; | S;DP TRAINING WHEN.

Testing Tolsrancs: [0.400 "~ RunMumber__._._..... 1000
Testing ‘while Training | % of Good Training Facts (100
[ Test Every N Furs: [og | Training Avg Emor <= 0.05
[ Save Every M Runs (2 | Training Squared Eror <=|0.05
I Ii [t Testing While Training:

i} nip Eij

QK Cancel |




Activation Function and Scaling

Meuron Transfer Func... [5__(|

Function Type: |Els]sls
Low: {0000
High: [1.000
Center; |J.000

Gair: |1

Input kinirmurn; | O.000

Irpat b awirurn; | 1.000

OF. \ Cancel




How many Hidden Neurons?

B T00 many —
overparameterize

m Too few — don't get

Change Network 5ize &l

Murnber of hidden layers: Murber of hidden layers: (1 +|
- Layer Mewrons Connections
Laver Meuron:  LConnechions Pput 20 e
1 420
[t 2 1 [ —— ! 20
T 15 105 . T
2 4
3 B
L | Clutput 1 21
5 Ok Eanu:e||
=
Output 1 =




Training Network

¥ BrainMaker MMX Accelerated [TXDAT. net]

File Edit ©Operate Parameters Connections Display

Training AA:1A:23 Facts: THEDAT.fct Learn: 1.8 Tolerance: B.108
Fact: 1187 Total: 166863 Bad: 9% Last: 26 Good: 1898 Last: 1428 Run: 115

REportLag CauseCode PrimaryPa
-------- HEEEEEE: OQut:f-------
aie 1 Ptnz--------
i2 11

m—EREEEE

17 18

- - [5x]

0.500 1.000

1.0000

0.000

Runs 1 to 200 shown




Alternative Load R

Fil= Edit Misc Packages Windows Help

EEEIRERIRIE

i R Console

F ©: Copwright 2005, The EF Foundation for Itactistical Computing
Ver=sion 2.1.1 (2005—-0%5—20) , IZEBEN Z—9200051-07-—-0

E i= free software and comes with ABEIOLUTUTELY NGO WARRAWTY .
¥oul are welcoms to redistrilbute it under certain conditions.
Type !'license()!' or 'licence()!' for distribution details.

Natural landguage Support but runhnitng inn an English locale

F i= a collaboratiwve project with many contrilbutors.

Twrpe 'contributor=()] ' for more informatiorn and

'citation()' on how to cite R or B packages in publications.
Torpe 'dermo (] ' for =some demos, 'help ()] ' for on—1ine heln, or
'help.start()1' f£for = HTHL browser interface to help.

Tywpe ')l ' to cguit E.

[Prewiously sawed workspace restored]

= 1




Load nnet library

IE@ Windows Help

Load package. ..

= 2et CRAN rmirrar. .,
I Seleck repositories. |,

Install packageis). ..

Update packages...

Install packagels) fFrom local zip Files. .,



R Code for Neural Networks

B Txdata<-
read.table(‘C:/Seminar/TxDat.dat’,header=T)

B Paid.nnet<-
nnet(PrimaryPaid~REportLag+age+Injury+Cause,d
ata=Txdata,size=5,linout=T)



Fitting R Neural Network

» Pald, nnet<-nnet (PrivaryPaild~REportlag+age+Injury+Cause, data=Txdata)

Ereor in mmet.default(x, v, w, ...) @ aroweent "size” i3 wissing, with no defaus
> JInet

» Paid, nnet<-unet (PrivaryPaid-REportLag+age+Iniurv+Cause, data=Trdata, size=5, Lind
# peights: 171

initial value 289704047667119,750000

final value 212668536210510,630000

converged
| -

{ @







Review from Last Workshop: Regression
for Prediction

« One of most common statistical methods fits a line to data
« Model: Y = a+bx + error
e Error assumed to be Normal

Workers Comp Sevirity Trend

$10,000
$8,000
$6,000 °
$4,000 A )

$

1990 1992 1994 1996 1998 2000 2002 2004

Severity

Year

| ® Severity Fitted Y|




Test the model

B Hold out part of the sample, say one third and
test its performance after model has been fit

B Cross-validation



Which Model to Use?

« Classification
- Naive bayes makes simplifying assumption of
Independence

. Logistic regression is one of most frequently used. Its
use requires special software (such as R)

- To capture data complexities such as nonlinearities,
trees are easy to understand, common method

- To capture data complexities neural networks also
common method, but it is harder to understand



\Which model to use?

B Numeric variables

m Trees usually easier to understand and
explain

m Neural networks often give better fit

m More recently developed methods (ensemble
models) seem to outperform neural networks



Data Mining Library Recommendations

m Berry, Michael J. A., and Linoff, Gordon, Data Mining
Techniques, John Wiley and Sons, 1997

m Hosmer D and Lemshow, Applied Logistic
Regression, Wiley

B Francis, Louise, 2006 Data Quality/Management
Call Paper Program, “Distinguishing the Forest from
the Trees”, www,caact.org

B Type naive bayes into search at www.wikipedia.org

« Francis, Louise, 2001, “Neural Networks
Demystified” at
www.casact.org/aboutcas/mdiprize.htm







