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Finite Mixtures for Insurance Modeling

Matt Flynn

mjflynn@travelers.com 860-954-0894

• JMP 9 Distribution Platform – finite mixtures 

Outline - Finite Mixture Models (FMM) 

• Interactive JMP Two-Component Normal mixture

• R – two packages - flexmix, gamlss
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• SAS – Proc NLMIXED

• JMP’s Nonlinear Platform

• STATA FMM module

• More Examples – Poisson counts, WC Losses

Outline - Finite Mixture Models (FMM) 

• FMM Background
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JMP 9 includes finite 2,3+ component Normal 
mixtures
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JMP Sample Data

UN Health Development Index

Health, Education, Living standards

http://hdr.undp.org/en/statistics/hdi/

Interactive JMP Two-Component Normal 
mixture
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C:\Documents and Settings\mjflynn\My Documents\JMP9\Normal2Mixture_dist.jsl

Via R

library(gamlss);
library(gamlss.mx);
m2 <- gamlssMX(

waiting ~ 1, 
data=faithful, 

family=NO, 
k=2); m2
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library("flexmix")
fl <- flexmix(waiting ~ 1,

data = faithful, k = 2)
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Via SAS
Proc 
UNIVARIATE
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Via SAS – obtain starting values

/*  two-component normal mixture */
proc sql;
select log(mean(waiting)-0.5*var(waiting)**0.5) as mu1start, 

log(mean(waiting)+0.5*var(waiting)**0.5) as mu2start
into :mu1start, :mu2start

from faithful;
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;
quit;

Via SAS – obtain starting values

/*  two-component normal mixture */
proc sql;
select log(mean(waiting)-0.5*var(waiting)**0.5) as mu1start, 

log(mean(waiting)+0.5*var(waiting)**0.5) as mu2start
into :mu1start, :mu2start

from faithful;
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;
quit;

Create SAS Macro 
variables – note: 
separation



4

Proc NLMIXED data=faithful; 
parms eta_mu1=&mu1start. eta_mu2=&mu2start. eta_sigma1=1.8               
eta_sigma2=1.8 eta_p1=0.57 ;

mu1 = exp(eta_mu1);
mu2 = exp(eta_mu2);
sigma1 = exp(eta_sigma1);
sigma2 = exp(eta_sigma2);
p1 = exp(eta_p1)/(1 + exp(eta_p1));

Via 
SAS
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p2 = 1 - p1;
y = waiting;

loglike = logpdf('NORMALMIX', y, 2, p1, p2, mu1, mu2, sigma1, sigma2) ;

model y ~ general(loglike);
estimate 'mu1' mu1;  estimate 'mu2' mu2;
estimate 'sigma1' sigma1;  estimate 'sigma2' sigma2;
estimate 'p1' p1;  estimate 'p2' p2;

run;

Proc NLMIXED data=faithful; 
parms eta_mu1=&mu1start. eta_mu2=&mu2start. eta_sigma1=1.8               
eta_sigma2=1.8 eta_p1=0.57 ;

mu1 = exp(eta_mu1);
mu2 = exp(eta_mu2);
sigma1 = exp(eta_sigma1);
sigma2 = exp(eta_sigma2);
p1 = exp(eta_p1)/(1 + exp(eta_p1));

Via 
SAS Starting values (from above)

Log link functions
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p2 = 1 - p1;
y = waiting;

loglike = logpdf('NORMALMIX', y, 2, p1, p2, mu1, mu2, sigma1, sigma2) ;
*loglike = logpdf('NORMAL', y, mu1, sigma1)*p1 +

(1 - p1)*logpdf('NORMAL', y, mu2, sigma2);
model y ~ general(loglike);
estimate 'mu1' mu1;  estimate 'mu2' mu2;
estimate 'sigma1' sigma1;  estimate 'sigma2' sigma2;
estimate 'p1' p1;  estimate 'p2' p2;

run;

Normal 2 – Component Finite 
Mixture logLikelihood

Via SAS
NLMIXED
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Via JMP – nonlinear platform - setup
dt = Current Data Table();

// set up the  negative log likelihood with
// starting values
ll = dt << new column("Normmix");
Exform = expr(
ll << set formula(Parameter( 
{ eta_mu1=4.160438, 

eta_mu2=4.352785,  eta_sigma1=1.8,
eta_sigma2=1.8, eta_p1=-0.57 },
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mu1 = exp(eta_mu1);
mu2 = exp(eta_mu2);
sigma1 = exp(eta_sigma1);
sigma2 = exp(eta_sigma2);

p1 = exp(eta_p1)/(1 + exp(eta_p1));
p2 = 1 - p1;

-log( Normal Mixture Density( :waiting, 
mu1 |/ mu2,  sigma1 |/ sigma2, p1 |/ p2 ) )

)
));
eval(eval Expr(exform));

Via JMP 
Nonlinear Platform

nl = Nonlinear(
Loss( :Normmix ),
Numeric Derivatives Only( 1 ),
Loss is Neg LogLikelihood( 1 ),
QuasiNewton BFGS,
Finish,
Custom Estimate( exp(eta_mu1)  ),
Custom Estimate( exp(eta_mu2) ),
Custom Estimate( exp(eta sigma1) ),
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Custom Estimate( exp(eta_sigma1)  ),
Custom Estimate( exp(eta_sigma2) ),
Custom Estimate( 

exp(eta_p1)/(1 + exp(eta_p1))  ),
Custom Estimate( 

1 - exp(eta_p1)/(1 + exp(eta_p1))  ),
);

Via JMP 
Nonlinear Platform
output
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Via JMP – Analyze, Distribution
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Via STATA - FMM

insheet using 'C:/temp/faithful.csv'
summarize
histogram waiting, width(5)

18



7

Via STATA - FMM

insheet using 'C:/temp/faithful.csv'
summarize
histogram waiting, width(5)
fmm waiting, components(2) mixtureof(normal)

19

Time Permitting – Additional Examples

Proc FMM.sas – FMM(2) Poisson – Counts - regressors

Exp_mix.sas – FMM Exponential, Gamma dists

WC_Loss.sas – FMM Gamma with regressors
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SAS recently announced experimental Proc FMM coming 
in SAS/STAT 9.3
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Thank you – Questions?

Contact info:
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Matt Flynn – Travelers 

mjflynn@travelers.com

860.954.0894


