
Actuarial Model Outcome Optimal Fit 
AMOOF 3.0 

Presented to ARC 2014 

Presenters: Jim Smigaj        Dr. Paul H Johnson, Jr. 

                     Dr. John Anvik       

                     Dr. Yvonne Chueh 

 



Introduction 
• Modeling single and mixed Probability 

Density Functions (pdfs)   

• Integrating  tail VaR and TVaR  of the found 
model curves 

• Optimization of the log-likelihood function  

• Interactive and Graphical user interface  

• Correcting small-sample bias correction for 
the maximum likelihood estimations  

 

 



Introduction     ~cont’d 

• Version 3.0 adds cross-mixed pdfs (22 times 22 
pdfs) to allow mixing different density families, 
increases the speed of improper integral calculus, 
adds a real-time check on numeric accuracy, and 
includes a public website for the user to 
download the program and report testing issues 
for future improvement. 

• Version 2.0 was sponsored by the Actuarial 
Foundation 



Projects Using AMOOF 3 

• Stochastic Modeling Efficiency 

 

• Loss Models Excel Tools: 
Simulator, Fitter, and Tester Tools 

 

• Real World Projects  
 



Analyzing the 
Seahawks Offensive 
Play-Calling During 
The 2013 Regular 

Season 
 

Adam Brand 
May 2014 
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Ben Squire 
Micah Darnall 
Paul Carpenter 

Christian Chmielewski 
 



AMOOF 3.0 Demonstration 

James Smigaj 

Central Washington University 



ACCESS DATA PANEL 



Data Format 



Load Dataset 



Histogram bars 



Histogram range 



View dataset statistics 



MODEL SELECTION PANEL 



Select pdfs 



Modify initial parameters 



Parameter conditions 



Parameter conditions 



Select starting parameters 



Mixed pdfs 



Mixed pdfs 



OPTIMIZE MODELS PANEL 



Run Solver 



BOBYQA solver 

• Bounded Optimization by Quadratic 
Approximation. 

• Released 2009. 

• C# port of FORTRAN library 

• Uses interpolation points to approximate and 
maximize the objective function at each 
iteration. 



Results of Optimization 



Results of Optimization 



Results of Optimization 



Results of Optimization 



Results of Optimization 



Resulting Log-Likelihood 

PDF Before Optimization After Optimization 

Beta -7576.85 -7542.31 
Burr -27243.86 -7519.82 
Exponential -7965.81 -7643.14 
Gamma -10164.99 -7553.65 
Pareto + Inverse Burr -7371.41 -7312.24 



Comparison with Expected Parameters 

Expected Curve 

Found Curve 



Comparison with Expected Parameters 

Parameter Expected Value Found Value % Difference 

alpha 7.62 13.78 80.85 

theta 91.67 170.78 86.30 

weight 0.50 0.53 6.84 

Parameter Expected value Found value % Difference 

gamma 4.42 4.38 -1.00 

tau 4.83 53.38 1005.20 

theta 12.40 6.99 -43.59 

weight 0.50 0.47 -6.84 

Pareto 

Inverse Burr 

However, the fitted function  attains a better log-
likelihood than the expected function. 

 expected :  -7316.92 

 found : -7312.24 



ORDER RESULTS PANEL 



Compare Moments 



Compare Moments 



Calculate CTEs 



Compare VaRs/CTEs 



Compare VaRs/CTEs 



FINDINGS PANEL 













Help and Downloads 

• Website: 
https://bitbucket.org/AMOOF3/amoof-
3.0/wiki/Home 

• Download: 

• https://bitbucket.org/AMOOF3/amoof-
3.0/downloads 
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Purpose

Purpose

Used AMOOF3 (Actuarial Model Optimal Outcome Fit V3.0) to
analyze statutory ending surplus data from a real block of
universal life insurance, provided by Milliman, i.e. “Milliman data”
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Data

Milliman Data

Present value of ending surplus data at 30 years (360 months),
i.e, “ending surplus,” was the output from a real block of universal
life insurance using a proprietary stochastic scenario generator

50,000 stochastic economic 7-year US treasury yield scenarios
were considered, where each scenario is a random path of
monthly portfolio yield rates x = (r1, r2, ..., r360)

We called the 50,000 ending surplus data the “full run distribution,”
(true distribution)
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Full Run Distribution Analysis

Data Transformation

The full run distribution was transformed by:

Dividing all ending surplus values by 1000

Muliplying all ending surplus values by negative one

Ignoring any negative values, corresponding to a positive ending
surplus value

Therefore, we only focused on the tail distribution for ending
surplus (the worst ending surplus values, 38,137 of the original
50,000 observations)

The resulting distribution was the “transformed full run
distribution,” and various statistics were accurately and efficiently
computed using AMOOF3
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Full Run Distribution Analysis

Trans Full Run Distribution: Statistics

Statistic Name Statistic Value
Mean 1172.79
Median 1135.62
Standard Deviation 714.51
Minimum 0.14
Maximum 48,341.36
CTE70 1993.12
CTE90 2420.63
CTE99 3122.65
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Full Run Distribution Analysis

Trans Full Run Distribution: Histogram
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Parametric Model Analysis

Parametric Model Analysis

Obtained a sample of 100 representative scenarios from the full
run distribution, using the ModM2 method, to obtain the “sample
run distribution” (Chueh and Johnson 2012, Johnson et al. 2013)

The same data transformation that was applied to the full run
distribution was then applied to the sample run distribution to
obtain the “transformed sample run distribution” (65/100)

We used AMOOF3 to accurately and efficiently fit 275 total
parametric models to the transformed sample run distribution
(single, mixed, and cross-mixed)

We then determined goodness of fit by maximized loglikelihood
value, and ranked the parametric models

For the top 5 fitted parametric models, we compared CTE values
at various levels to those of the transformed full run distribution
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Parametric Model Analysis

Top 5 Parametric Models: Ranked by Loglikelihood

Parametric Model Loglikelihood
90.43% Generalized Beta(α = 10.98, β = 4.65, τ = 0.28, θ = 4201.42) -278,540
+ 9.57% Weibull(τ = 6.88, θ = 62.75)
90.49% Beta(α = 2.27, β = 5.04, θ = 4205.71) -278,683
+ 9.51% Weibull(τ = 6.90, θ = 62.76)
94.58% Loglogistic(γ = 2.38, θ = 1042.25) -278,879
+ 5.42% Inverse Weibull(τ = 275.55, θ = 67.42)
90.44% Generalized Beta(α = 6.92, β = 4.71, τ = 0.41, θ = 4209.25) -278,896
+ 9.56% Gamma(α = 21.36, θ = 2.73)
90.44% Generalized Beta(α = 14.47, β = 4.64, τ = 0.21, θ = 4205.44) -278,932
+ 9.56% Lognormal(µ = 4.04, σ = 0.21)
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Parametric Model Analysis

Top 5 Parametric Models: Histograms
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Parametric Model Analysis

Top 5 Parametric Models: CTE Comparison to Trans
Full Run

Parametric Model Model CTE (Model CTE/T. Full Run CTE)*100
90.43% Generalized Beta CTE70 = 2087.48 104.73
+ 9.57% Weibull CTE90 = 2583.86 106.74

CTE99 = 3247.16 103.99
90.49% Beta CTE70 = 2089.24 104.82
+ 9.51% Weibull CTE90 = 2574.50 106.36

CTE99 = 3211.11 103.15
94.58% Loglogistic CTE70 = 2810.12 140.99
+ 5.42% Inverse Weibull CTE90 = 4619.34 190.83

CTE99 = 12,307.37 394.13
90.44% Generalized Beta CTE70 = 2084.03 104.56
+ 9.56% Gamma CTE90 = 2578.38 106.52

CTE99 = 3240.33 103.77
90.44% Generalized Beta CTE70 = 2113.85 107.72
+ 9.56% Lognormal CTE90 = 2663.57 107.15

CTE99 = 3142.91 100.65
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