EXPLORATIONS BY GLENN MEYERS

Combining Paid and Incurred Data in a Bayesian MCMC Model
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3. Let αw ∼ Normal(0, √10) for w = 2,
…, 10. Set α1 ≡ 0.

further adjustments that could happen
after the 10th development year.
The Stan software combines the
paid and incurred models by adding the
log-likelihoods, ll(θP |{CPwd ) and ll(θI |
{CIwd }). Stan then provides a sample from
the posterior distribution of θP and θI in
which the parameters logelr and {αw}10
w=1
are the same in both parameter sets
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θP and θI . One can then calculate the

Table 1. Standalone CSR and CCL Models.

statistics of interest for both the paid and

AY

Premium

CSR Estimate

CSR Std. Dev.

CCL Estimate

CCL Std. Dev.

incurred triangles.

1

5,812

3,912

0

3,917

0

I ran each model for Commercial

2

4,908

2,562

107

2,549

65

Auto Insurer #353 (The Illustrative In-

3

5,454

4,134

181

4,110

125

surer in Meyers (2015)). Table 1 contains

4

5,165

4,283

208

4,312

143

5

5,214

3,514

193

3,549

131

6

5,230

3,319

222

3,332

155

7

4,992

4,965

414

5,291

304

8

5,466

3,311

406

3,803

337

the loss estimates and the standard
deviations for standalone CSR and CCL
models. Table 2 contains the loss estimates and standard deviations for the
combined CSR and CCL model.
Note that the standard deviations of
the estimates for the combined model in
Table 2 are smaller than the standard deviations standalone estimates in Table 1.
To see how often this happens, I ran the
combined and standalone models on 50
loss triangles in each of the Commercial
Auto (CA), Personal Auto (PA), Workers’
Compensation (WC) and Other Liability
(OL) lines of insurance1 Figure 1 shows
a histogram of the standard deviation
ratios for both the CSR and CCL models.
The results show that the standard devia-

9

5,226

3,739

746

4,180

619

10

4,962

3,747

1,407

4,116

1,261

Table

52,429

37,485

2,338

39,159

1,774

Table 2. Combined Model for CSR and CCL.
AY

Premium

CSR Estimate

CSR Std.Dev.

CCL Estimate

CCL Std.Dev.

1

5,812

3,912

0

3,912

0

2

4,908

2,544

65

2,549

53

3

5,454

4,123

112

4,132

92

4

5,165

4,304

123

4,314

106

5

5,214

3,557

110

3,563

97

6

5,230

3,389

131

3,395

122

7

4,992

5,209

260

5,218

248

8

5,466

3,790

297

3,797

293

cases, showing the positive effect of the

9

5,226

4,094

474

4,101

469

additional data in reducing the uncer-

10

4,962

3,802

794

3,809

796

Total

52,429

38,722

1,343

38,796

1,294

tion is reduced in a clear majority of the

tainty in the estimates.
While reducing the predictive
standard deviation of the outcomes is
desirable, it is not the goal of a stochastic loss reserve model. The goal is
to correctly predict the distribution of
outcomes. Following the methodology
I proposed in Meyers (2015), Figures 2
and 3 test the predictive distribution on
the observed outcomes by comparing
the pp-Plots of the CSR and CCL models
derived from the combined model with
the corresponding plots from the standalone models. The CA and OL lines pass
the test. PA just barely misses, but the

1

combined models perform better than

website along with summary statistics

the standalone models.

for all 200 loss triangles.

For WC, the combined model performs noticeably worse. I am not sure
why this is the case, but it is worth not-
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