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Table 1: Summary Statistics of Sample 

Variable Label N Mean Std. Dev. Min Max 
Expenditure        
totalexp Annual total prescription drug expenditure  7664 1689.97 1890.91 0.00 54933.82 
anyexp If have any drug expenditure 7664 0.93 0.25 0.00 1.00 
lnexp Log of total drug expenditure 7156 6.96 1.24 0.00 10.91 
Health plan choice          
d0 If choose Medicare FFS 7664 0.14 0.34 0.00 1.00 
d1 If choose ESI w/ RX 7664 0.37 0.48 0.00 1.00 
d2 If choose ESI w/o RX 7664 0.03 0.17 0.00 1.00 
d3 If choose Medigap w/ RX 7664 0.08 0.26 0.00 1.00 
d4 If choose Medigap w/o RX 7664 0.23 0.42 0.00 1.00 
d5 If choose MMC w/ RX 7664 0.14 0.34 0.00 1.00 
d6 If choose MMC w/o RX 7664 0.02 0.13 0.00 1.00 
Demographics         
age Age 7664 77.23 7.24 65.00 104.00 
male If male 7664 0.46 0.50 0.00 1.00 
white If white 7664 0.91 0.29 0.00 1.00 
education Highest grade completed 7664 4.67 1.99 1.00 9.00 
income Actual income of SP, divided by 1,000 7664 29.86 45.85 0.00 2000.00 
marry If married 7664 0.55 0.50 0.00 1.00 
nchildren Number of children living 7664 2.99 2.00 0.00 17.00 
livealone If live alone 7664 0.33 0.47 0.00 1.00 
Health characteristics         
health Self rated health status (=1 if excellent, =5 if poor) 7664 2.62 1.06 1.00 5.00 
heart If have cardiovascular problems 7664 0.80 0.40 0.00 1.00 
diabetes If have diabetes 7664 0.19 0.39 0.00 1.00 
cancer If have cancer 7664 0.37 0.48 0.00 1.00 
bone If have bone problems 7664 0.67 0.47 0.00 1.00 
mental If have mental problems 7664 0.17 0.38 0.00 1.00 
nlimit # of functional limitations 7664 2.06 1.62 0.00 5.00 
nadl # of limited activities of daily living 7664 0.55 1.13 0.00 6.00 
smokenow If smoke now 7664 0.10 0.30 0.00 1.00 
smokequit If ever smoked but quit now 7664 0.52 0.50 0.00 1.00 
Regional variables, year dummy         
msa If metro area 7664 0.70 0.46 0.00 1.00 
neast If live in north east area 7664 0.15 0.35 0.00 1.00 
ncent If live in north central area 7664 0.26 0.44 0.00 1.00 
west If live west area 7664 0.20 0.40 0.00 1.00 
year2004 If year 2004 data 7664 0.51 0.50 0.00 1.00 
Instrumental variables         
penet County MMC penetration rate (previous year) 7664 11.42 13.83 0.00 49.51 
unemp00 County unemployment rate in 2000 7664 4.29 1.98 0.60 27.60 
whitecollar00 County percent of white-collar workers in 2000 7664 57.24 9.22 34.50 83.50 
bluecollar00 County percent of blue-collar workers in 2000 7664 22.12 8.11 5.20 52.30 
govt00 County percent of government workers in 2000 7664 14.60 5.35 6.40 59.50 
selfemp00 County percent of self-employed workers in 2000 7664 6.62 2.20 3.10 20.80 

prempaid Monthly premium paid per person  
in addition to part B premium 7664 77.99 86.16 0.00 83.33 

prem Monthly plan premium for each plan type 
in addition to part B premium 53648 80.60 73.33 0.00 833.33 
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Table 2: Summary Statistics for Each Plan Type  

 
Table 2.a: Summary Statistics of Expenditure and Premium 

Plan Type Variable N Median Mean Std. Dev. Min Max 

Medicare 
FFS  

anyexp 1054 1 0.84 0.37 0 1 
totalexp 1054 611.36 1009.12 1228.22 0 9852.71 

prempaid 1054 0 0 0 0 0 

ESI 
w/ RX 

anyexp 2848 1 0.96 0.19 0 1 
totalexp 2848 1822.45 2375.65 2392.32 0 54933.82 

prempaid 2848 35 65.6 86.68 0 819 

ESI 
w/o RX 

anyexp 238 1 0.94 0.24 0 1 
totalexp 238 997.5 1304.27 1117.82 0 4885.19 

prempaid 238 100 94.87 74.69 0 354 

Medigap 
w/ RX 

anyexp 578 1 0.93 0.25 0 1 
totalexp 578 1276.78 1655.74 1520.72 0 13206.75 

prempaid 578 150 169.91 95.84 0 833.33 

Medigap 
w/o RX 

anyexp 1776 1 0.94 0.24 0 1 
totalexp 1776 1033.69 1383.47 1351.81 0 16028.83 

prempaid 1776 133.33 132.93 57.2 0 833.33 

MMC 
w/ RX 

anyexp 1043 1 0.95 0.22 0 1 
totalexp 1043 865.2 1244.34 1448.6 0 25018.32 

prempaid 1043 20 44.71 64.8 0 604 

MMC 
w/o RX 

anyexp 127 1 0.9 0.3 0 1 
totalexp 127 402.72 788.4 957.61 0 6064.98 

prempaid 127 69 58.38 51.18 0 266 
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Table 2.b: Summary Statistics of Other Variables  

 Mean (Std. Dev.) by Plan Type 

 
Medicare FFS 

only 
ESI w/  

RX  
ESI w/o  

RX 
Medigap  
w/ RX 

Medigap  
w/o RX  

MMC  
w/ RX  

MMC  
w/o RX 

 (N =1054 ) (N =2848 )  (N =238 ) (N =578 ) (N =1776 ) (N = 1043) (N =127) 
Demographics      
age 76.34 (7.61) 76.34 (6.91) 79.58 (7.12) 77.78 (7.64) 78.38 (7.22) 77.75 (7.17) 77.09 (6.74) 
male 0.56 (0.50) 0.47 (0.50) 0.49 (0.50) 0.34 (0.47) 0.44 (0.50) 0.39 (0.49) 0.61 (0.49) 
white 0.78 (0.42) 0.93 (0.26) 0.91 (0.28) 0.94 (0.24) 0.96 (0.20) 0.87 (0.33) 0.87 (0.33) 
education 3.87 (1.89) 5.05 (2.04) 4.80 (2.09) 4.81 (2.01) 4.58 (1.87) 4.52 (1.85) 4.50 (1.93) 
income 18.04 (28.27) 35.97 (59.42) 30.02 (26.37) 33.81 (67.41) 28.52 (28.20) 25.56 (25.93) 26.53 (16.34) 
marry 0.42 (0.49) 0.63 (0.48) 0.53 (0.50) 0.49 (0.50) 0.54 (0.50) 0.50 (0.50) 0.63 (0.49) 
nchildren 3.37 (2.62) 3.03 (1.88) 2.69 (1.71) 2.88 (1.87) 2.83 (1.84) 2.91 (1.97) 3.02 (2.01) 
livealone 0.36 (0.48) 0.29 (0.45) 0.33 (0.47) 0.40 (0.49) 0.37 (0.48) 0.35 (0.48) 0.32 (0.47) 
Health characteristics      
health 2.68 (1.15) 2.64 (1.06) 2.57 (1.07) 2.64 (1.07) 2.61 (1.02) 2.58 (1.03) 2.39 (0.94) 
heart 0.72 (0.45) 0.82 (0.38) 0.79 (0.41) 0.81 (0.39) 0.81 (0.39) 0.78 (0.42) 0.76 (0.43) 
diabetes 0.19 (0.39) 0.21 (0.41) 0.19 (0.40) 0.16 (0.36) 0.18 (0.38) 0.20 (0.40) 0.18 (0.39) 
cancer 0.24 (0.43) 0.40 (0.49) 0.38 (0.49) 0.42 (0.49) 0.38 (0.49) 0.34 (0.47) 0.36 (0.48) 
bone 0.60 (0.49) 0.69 (0.46) 0.65 (0.48) 0.72 (0.45) 0.68 (0.47) 0.67 (0.47) 0.61 (0.49) 
mental 0.17 (0.38) 0.19 (0.39) 0.13 (0.34) 0.20 (0.40) 0.14 (0.35) 0.18 (0.38) 0.13 (0.33) 
nlimit 2.17 (1.72) 2.05 (1.60) 2.16 (1.64) 2.23 (1.63) 2.06 (1.60) 1.94 (1.62) 1.56 (1.48) 
nadl 0.58 (1.15) 0.54 (1.13) 0.64 (1.25) 0.67 (1.18) 0.48 (1.07) 0.57 (1.17) 0.38 (1.02) 
smokenow 0.18 (0.39) 0.10 (0.30) 0.07 (0.25) 0.07 (0.26) 0.08 (0.28) 0.08 (0.28) 0.06 (0.24) 
smokequit 0.48 (0.50) 0.53 (0.50) 0.55 (0.50) 0.48 (0.50) 0.51 (0.50) 0.53 (0.50) 0.66 (0.48) 
Regional variables, year dummy      
msa 0.60 (0.49) 0.71 (0.46) 0.64 (0.48) 0.72 (0.45) 0.59 (0.49) 0.95 (0.21) 0.89 (0.31) 
neast 0.13 (0.34) 0.17 (0.37) 0.11 (0.31) 0.17 (0.38) 0.10 (0.30) 0.16 (0.36) 0.30 (0.46) 
ncent 0.24 (0.43) 0.27 (0.44) 0.36 (0.48) 0.30 (0.46) 0.33 (0.47) 0.11 (0.31) 0.21 (0.41) 
west 0.15 (0.35) 0.16 (0.36) 0.13 (0.33) 0.17 (0.38) 0.11 (0.32) 0.50 (0.50) 0.33 (0.47) 
year2004 0.50 (0.50) 0.51 (0.50) 0.53 (0.50) 0.54 (0.50) 0.51 (0.50) 0.49 (0.50) 0.55 (0.50) 
Instrumental variables      
penet 7.57 (11.06) 9.23 (12.01) 7.52 (10.74) 9.86 (11.86) 6.41 (10.23) 30.52 (11.99) 20.29 (10.56) 
unemp00 4.67 (2.36) 4.23 (1.89) 4.51 (2.12) 4.14 (1.78) 4.33 (2.08) 4.01 (1.67) 4.12 (1.68) 
whitecollar00 54.95 (9.65) 57.53 (9.16) 55.98 (8.60) 58.16 (9.66) 55.03 (9.24) 61.61 (6.63) 63.00 (7.51) 
bluecollar00 23.36 (9.36) 21.66 (7.60) 23.55 (7.67) 22.17 (7.78) 24.48 (9.10) 18.16 (4.22) 18.82 (4.32) 
govt00 15.05 (5.45) 15.22 (5.74) 14.12 (4.97) 14.19 (5.22) 14.09 (5.26) 13.55 (3.79) 15.70 (6.20) 
selfemp00 6.69 (2.25) 6.53 (2.23) 6.54 (2.25) 6.56 (2.34) 6.93 (2.35) 6.37 (1.60) 6.39 (2.25) 
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Table 3: Bayesian Result of Plan Choice Equation 

 ESI 
w/ RX 

ESI 
w/o RX 

Medigap 
w/ RX 

Medigap 
w/o RX 

MMC 
w/ RX 

MMC 
w/o RX   

_cons -0.542 -3.529*** -1.506*** -2.147*** -1.684*** -7.340*** prem -0.01145*** 
age -0.006**  0.026*** -0.005  0.018***  0.004 -0.003 age×prem  0.00005*** 
male -0.388*** -0.208*** -0.466*** -0.310*** -0.504*** -0.060 male×prem -0.00108*** 
white  0.307***  0.118  0.035  0.406***  0.422***  0.229** white×prem  0.00447*** 
education  0.119***  0.081***  0.039***  0.042*** -0.027**  0.000 education×prem  0.00029*** 
income  0.009***  0.006***  0.007***  0.005***  0.003*** -0.002 income×prem  0.00002*** 
marry  0.793***  0.572***  0.720***  0.815***  0.507***  0.858*** marry×prem -0.00167*** 
nchildren -0.038*** -0.075*** -0.039*** -0.063***  0.002 -0.021 health×prem  0.00090*** 
livealone  0.180***  0.025  0.252***  0.273*** -0.015  0.301***   
health -0.026 -0.090*** -0.133*** -0.088*** -0.079*** -0.127***   
heart  0.359***  0.224***  0.263***  0.298***  0.130**  0.188**   
diabetes  0.129***  0.085 -0.071  0.011  0.256***  0.077   
cancer  0.340***  0.268***  0.388***  0.255***  0.182***  0.320***   
bone  0.233***  0.071  0.161***  0.131***  0.173***  0.179**   
mental  0.069 -0.143*  0.003 -0.161*** -0.005 -0.133   
nlimit -0.018 -0.022 -0.006 -0.042*** -0.049*** -0.089***   
nadl -0.026*  0.003  0.015 -0.042**  0.005 -0.035   
smokenow -0.245*** -0.381*** -0.446*** -0.346*** -0.154** -0.395***  
smokequit  0.036  0.071 -0.006  0.028  0.075  0.217***   
msa  0.142***  0.100  0.057  0.060  0.178*  0.093   
neast  0.194*** -0.043  0.265*** -0.119*** -0.045  0.549***   
ncent  0.182***  0.259***  0.269***  0.153***  0.177***  0.509***   
west -0.105* -0.058  0.159** -0.113*  0.122*  0.244**   
year2004 -0.025  0.025  0.071  0.004  0.018  0.101*   
penet  0.000 -0.004 -0.001 -0.010***  0.069***  0.032***   
unemp00 -0.022**  0.027*  0.002 -0.009  0.013  0.077***   
whitecollar00 -0.001  0.000  0.013***  0.002  0.005  0.059***   
bluecollar00 -0.006** -0.001  0.003  0.007** -0.031***  0.021***   
govt00  0.019*** -0.008 -0.007 -0.009** -0.012**  0.046***   
selfemp00 -0.026*** -0.013  0.006  0.030*** -0.005 -0.015   

 * >85% posterior draws have the same sign as posterior mean  
** >90% posterior draws have the same sign as posterior mean 
*** >95% posterior draws have the same sign as posterior mean 
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Table 4: Bayesian Result of Expenditure Equations 
 I(Y>0) ln(Y) 

 Posterior 
Mean 

Posterior 
Std. 

ACF at 
20th lag 

Posterior 
Mean 

Posterior 
Std. 

ACF at 
20th lag  Posterior 

Mean 
Posterior 
Std. 

ACF at 
20th lag 

_cons -3.055*** 1.450 -0.031  5.164*** 0.191 -0.073 σ0 0.493*** 0.050  0.055 
age  0.009 0.016 -0.008 -0.003* 0.002  0.015 σ1 0.217*** 0.026 -0.093 
male -0.792*** 0.274 -0.004 -0.115*** 0.033  0.063 σ2 0.424*** 0.067  0.092 
white  0.240 0.340 -0.063  0.247*** 0.050 -0.080 σ3 0.272*** 0.029  0.027 
education  0.064* 0.058 -0.049  0.021*** 0.007 -0.032 σ4 0.290*** 0.029 -0.032 
income  0.006** 0.005 -0.090  0.000*** 0.000  0.020 σ5 0.439*** 0.039 -0.127 
marry  0.463*** 0.284 -0.074 -0.029 0.046 -0.098 σ6 0.793*** 0.157  0.043 
nchildren  0.140*** 0.050 -0.069 -0.001 0.007 -0.022     
livealone  0.223 0.278 -0.008 -0.028 0.041  0.099     
health  0.488*** 0.109  0.049  0.127*** 0.013 -0.014     
heart  3.599*** 0.256  0.139  0.852*** 0.038  0.021     
diabetes  2.721*** 0.415  0.075  0.428*** 0.034 -0.021     
cancer  0.708*** 0.241  0.042  0.089*** 0.030 -0.044     
bone  1.412*** 0.223 -0.080  0.249*** 0.032  0.076     
mental  1.505*** 0.360  0.009  0.322*** 0.035  0.005     
nlimit  0.184*** 0.073  0.039  0.031*** 0.009 -0.047     
nadl -0.191** 0.125  0.138  0.025*** 0.012  0.088     
smokenow -0.685*** 0.367 -0.070 -0.109*** 0.050  0.119     
smokequit  0.158 0.259 -0.143  0.083*** 0.029  0.109     
msa -0.313** 0.231 -0.144 -0.013 0.031 -0.054     
neast -0.820*** 0.333  0.001 -0.060** 0.046  0.115     
ncent -0.689*** 0.265  0.081 -0.105*** 0.037 -0.097     
west -0.523*** 0.315 -0.023 -0.207*** 0.044  0.020     
year2004 -0.011 0.172 -0.004  0.071*** 0.018 -0.087     
d1  3.654*** 0.492 -0.016  0.545*** 0.082 -0.087     
d2  2.195*** 0.697 -0.064  0.318*** 0.108  0.063     
d3  2.110*** 0.676  0.017  0.418*** 0.084 -0.137     
d4  2.563*** 0.505 -0.172  0.092** 0.078 -0.057     
d5  2.997*** 0.479  0.219  0.073* 0.072  0.039     
d6  1.095** 0.853  0.077 -0.318*** 0.148 -0.024     
u1 -1.088*** 0.269 -0.032  0.182*** 0.051 -0.040     
u2 -0.381** 0.253 -0.158  0.029 0.038  0.109     
u3 -0.512** 0.321  0.010  0.069*** 0.037 -0.138     
u4 -0.910*** 0.273 -0.106  0.158*** 0.045 -0.118     
u5 -0.379*** 0.206  0.018  0.081*** 0.033  0.029     
u6 -0.230 0.325  0.349  0.023 0.037  0.099     
rand. effect  8.961*** 1.444  0.248  0.739*** 0.025 -0.019     

* >85% posterior draws have the same sign as posterior mean  
** >90% posterior draws have the same sign as posterior mean 
*** >95% posterior draws have the same sign as posterior mean 
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Table 5: Bayesian Result of Average Treatment Effects and Median Treatment Effects 
Treated Group Counterfactual Choice ATET (Se.) MTET (Se.) 
ESI w/ RX 
N = 2848 Medicare FFS  1014.17 (9.17) 733.54 (7.41) 

ESI w/o RX 
N = 238 Medicare FFS  451.71 (9.18) 320.43 (7.22) 

Medigap w/ RX 
N = 578 Medicare FFS  557.67 (7.80) 403.73 (6.22) 

Medigap w/o RX 
N = 1776 Medicare FFS  108.91 (7.93) 9.97 (6.06) 

MMC w/ RX 
N = 1043 Medicare FFS  163.81 (6.32) 63.28 (5.06) 

MMC w/o RX 
N = 127 Medicare FFS  -132.68 (11.25) -86.89 (6.49) 

ESI w/ RX 
N = 2848 ESI w/o RX 337.59 (19.31) 230.34 (15.09) 

ESI w/o RX 
N = 238 ESI w/ RX -253.89 (16.16) -177.81 (12.22) 

Medigap w/ RX 
N = 578 Medigap w/o RX 489.73 (9.07) 368.85 (6.62) 

Medigap w/o RX 
N = 1776 Medigap w/ RX -552.31 (12.96) -408.17 (9.36) 

MMC w/ RX 
N = 1043 MMC w/o RX 306.05 (12.91) 197.20 (9.26) 

MMC w/o RX 
N = 127 MMC w/ RX -271.68 (12.54) -167.57 (8.29) 
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Table 6: Bayesian Result of Median Treatment Effects by Health Status 

  MTET (s.e.) by Health Status 
Treated 
Group 

Counterfactual 
Choice Excellent Very Good Good Fair Poor 

ESI  
w/ RX 

 N = 431 N = 866 N = 961 N = 466 N = 124 
Medicare FFS  499.88 (4.71) 590.56 (5.97) 792.66 (8.34) 1039.85 (11.59) 1427.91 (16.93) 

ESI  
w/o RX 

 N = 43 N = 70 N = 82 N = 33 N = 10 
Medicare FFS  209.49 (4.89) 262.73 (6.13) 374.11 (8.73) 473.24 (12.17) 535.85 (16.10) 

Medigap  
w/ RX 

 N = 84 N = 190 N = 186 N = 86 N = 32 
Medicare FFS  206.34 (3.43) 352.17 (5.42) 421.71 (6.74) 608.12 (10.12) 686.33 (12.80) 

Medigap  
w/o RX 

 N = 276 N = 525 N = 665 N = 244 N = 66 
Medicare FFS  22.79 (3.68) 13.17 (4.61) 5.40 (7.01) -7.02 (9.20) -8.40 (10.58) 

MMC  
w/ RX 

 N = 170 N = 321 N = 371 N = 142 N = 39 
Medicare FFS  47.71 (2.88) 56.11 (4.44) 65.45 (5.49) 80.77 (7.49) 120.17 (11.65) 

MMC  
w/o RX 

 N = 22 N = 49 N = 42 N = 12 N = 2 
Medicare FFS  -14.83 (2.46) -74.17 (5.77) -128.53 (9.20) -233.99 (16.29) -298.28 (27.02) 

ESI  
w/ RX 

 N = 431 N = 866 N = 961 N = 466 N = 124 
ESI w/o RX 155.48 (9.51) 184.06 (11.79) 251.15 (16.79) 330.05 (22.53) 462.95 (31.77) 

ESI  
w/o RX 

 N = 43 N = 70 N = 82 N = 33 N = 10 
ESI w/ RX -110.73 (7.43) -148.20 (10.11) -208.72 (14.72) -261.24 (18.82) -293.98 (21.79) 

Medigap  
w/ RX 

 N = 84 N = 190 N = 186 N = 86 N = 32 
Medigap w/o RX 163.62 (3.25) 308.99 (5.69) 397.44 (7.20) 588.89 (11.07) 672.71 (13.51) 

Medigap  
w/o RX 

 N = 276 N = 525 N = 665 N = 244 N = 66 
Medigap w/ RX -231.35 (5.59) -305.95 (7.10) -481.69 (10.98) -649.88 (14.79) -744.36 (17.31) 

MMC  
w/ RX 

 N = 170 N = 321 N = 371 N = 142 N = 39 
MMC w/o RX 113.19 (4.83) 174.24 (8.19) 215.42 (10.37) 294.55 (14.69) 453.15 (23.20) 

MMC  
w/o RX 

 N = 22 N = 49 N = 42 N = 12 N = 2 
MMC w/ RX -97.30 (4.54) -140.97 (7.15) -218.47 (11.46) -347.22 (19.33) -413.43 (27.21) 
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Table 7: Bayesian Result of Expenditure Equations with Endogeneity Ignored 
 I(Y>0) ln(Y)     

 Posterior 
Mean 

Posterior 
Std. 

ACF at 
20th lag 

Posterior 
Mean 

Posterior 
Std. 

ACF at 
20th lag  Posterior 

Mean 

Posterio
r 
Std. 

ACF at 
20th lag 

_cons -1.700*** 0.826  0.069  5.036*** 0.194 -0.014 σ0 0.538*** 0.048 0.044 
age  0.006 0.009  0.012 -0.003* 0.002 -0.019 σ1 0.272*** 0.014 0.029 
male -0.556*** 0.166 -0.038 -0.106*** 0.032  0.090 σ2 0.437*** 0.064 0.024 
white  0.308** 0.227 -0.003  0.219*** 0.052  0.005 σ3 0.299*** 0.032 0.008 
education  0.060*** 0.033  0.037  0.015*** 0.008 -0.100 σ4 0.344*** 0.023 0.009 
income  0.005*** 0.002  0.073  0.000** 0.000  0.014 σ5 0.488*** 0.034 0.017 
marry  0.397*** 0.193  0.021 -0.053* 0.041  0.020 σ6 0.810*** 0.144 0.026 
nchildren  0.081*** 0.036  0.045  0.001 0.007 -0.007     
livealone  0.183 0.186 -0.006 -0.033 0.040 -0.009     
health  0.322*** 0.075  0.097  0.127*** 0.013 -0.049     
heart  2.344*** 0.249  0.338  0.858*** 0.037  0.093     
diabetes  1.703*** 0.320  0.061  0.431*** 0.032  0.021     
cancer  0.496*** 0.167  0.019  0.079*** 0.029 -0.104     
bone  0.924*** 0.160  0.171  0.247*** 0.032 -0.022     
mental  0.914*** 0.267 -0.014  0.325*** 0.036 -0.098     
nlimit  0.114*** 0.050 -0.004  0.034*** 0.010  0.035     
nadl -0.127** 0.087  0.031  0.021*** 0.012 -0.007     
smokenow -0.458*** 0.210 -0.018 -0.103*** 0.054 -0.050     
smokequit  0.100 0.149 -0.020  0.082*** 0.032  0.064     
msa -0.188* 0.167  0.110 -0.008 0.034 -0.013     
neast -0.486*** 0.206  0.123 -0.063** 0.042  0.011     
ncent -0.399*** 0.179  0.025 -0.117*** 0.037 -0.059     
west -0.427*** 0.186  0.000 -0.195*** 0.044 -0.006     
year2004  0.003 0.094 -0.060  0.073*** 0.016  0.056     
d1  1.331*** 0.206  0.111  0.809*** 0.047 -0.048     
d2  1.174*** 0.383  0.076  0.312*** 0.085 -0.099     
d3  0.916*** 0.294 -0.010  0.515*** 0.064  0.066     
d4  0.785*** 0.206  0.089  0.328*** 0.051  0.007     
d5  1.518*** 0.275  0.113  0.220*** 0.059 -0.001     
d6  0.618** 0.428  0.033 -0.327*** 0.152 -0.001     
rand. effect  3.987*** 0.892  0.549  0.759*** 0.022  0.041     

* >85% posterior draws have the same sign as posterior mean  
** >90% posterior draws have the same sign as posterior mean 
*** >95% posterior draws have the same sign as posterior mean 
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Table 8: Bayesian Result of Average Treatment Effects and Median Treatment Effects with Endogeneity Ignored 
Treated Group Counterfactual Choice ATET (Se.) MTET (Se.) 
ESI w/ RX 
N = 2848 Medicare FFS  1320.10 (4.73) 994.18 (3.56) 

ESI w/o RX 
N = 238 Medicare FFS  405.84 (8.03) 301.40 (6.22) 

Medigap w/ RX 
N = 578 Medicare FFS  639.47 (5.76) 481.13 (4.39) 

Medigap w/o RX 
N = 1776 Medicare FFS  350.91 (4.49) 260.12 (3.37) 

MMC w/ RX 
N = 1043 Medicare FFS  306.98 (4.99) 210.41 (3.71) 

MMC w/o RX 
N = 127 Medicare FFS  -165.35 (11.59) -102.28 (6.91) 

ESI w/ RX 
N = 2848 ESI w/o RX 881.87 (9.36) 658.96 (7.00) 

ESI w/o RX 
N = 238 ESI w/ RX -815.06 (11.48) -610.53 (8.71) 

Medigap w/ RX 
N = 578 Medigap w/o RX 284.03 (5.86) 212.46 (4.39) 

Medigap w/o RX 
N = 1776 Medigap w/ RX -282.13 (6.31) -207.98 (4.70) 

MMC w/ RX 
N = 1043 MMC w/o RX 469.97 (10.91) 325.39 (7.67) 

MMC w/o RX 
N = 127 MMC w/ RX -477.65 (13.01) -310.67 (8.54) 
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Table 9: Tests of Instruments  

Diagnosis of weak instruments  Diagnosis of valid instruments 
   Part 1: I(Y>0)   Part 2: ln(Y)  P-value of Hansen J test 

Variable 
F-test 

statistics 
P-value of 

F-test 
P-value of 

F-test 
F-test 

statistics  Part 1: I(Y>0) Part 2: ln(Y) 

1d  41.15 0 39.44 0  0.27 0.46 

2d  2.83 0.0007 3.12 0.0002    

3d  6.93 0 6.42 0    

4d  27.35 0 26.29 0    

5d  95.91 0 91.63 0    

6d  6.98 0 6.55 0    

 
 
Table 10: GMM Result of Plan Choice Equation 

 ESI w/ RX ESI w/o 
RX 

Medigap 
w/ RX 

Medigap 
w/o RX 

MMC w/ 
RX 

MMC w/o 
RX   

_cons -2.255* -8.032*** -3.734** -4.518*** -4.431*** -16.670*** prem -0.01830*** 
age  0.002  0.059***  0.002  0.035***  0.014  0.009 age×prem  0.00008 
male -0.694*** -0.396* -0.859*** -0.563*** -0.872*** -0.120 male×prem -0.00191* 
white  0.409**  0.124  0.009  0.552*  0.611***  0.272 white×prem  0.00691*** 
education  0.127***  0.106*  0.017  0.016 -0.064 -0.060 education×prem  0.00052** 
income  0.045***  0.042***  0.043***  0.040***  0.033**  0.024* income×prem  0.00002** 
marry  0.994***  0.721**  1.018***  1.071***  0.662  1.416 marry×prem -0.00284***
nchildren -0.065*** -0.134*** -0.067* -0.099*** -0.012 -0.029 health×prem  0.00147*** 
livealone  0.267*  0.052  0.425**  0.398***  0.024  0.603*   
health -0.029 -0.129 -0.202* -0.132* -0.102 -0.219   
heart  0.514***  0.307  0.416**  0.453***  0.196  0.271   
diabetes  0.198*  0.192 -0.113  0.041  0.387**  0.132   
cancer  0.548***  0.419**  0.654***  0.416***  0.335**  0.531*   
bone  0.358***  0.107  0.265*  0.222*  0.302*  0.329   
mental  0.061 -0.332 -0.031 -0.274* -0.021 -0.191   
nlimit -0.023 -0.030  0.002 -0.056 -0.070 -0.165*  
nadl -0.031  0.033  0.031 -0.065  0.010 -0.044   
smokenow -0.335* -0.574 -0.652** -0.449** -0.183 -0.456   
smokequit  0.075  0.141  0.019  0.070  0.175  0.444   
msa  0.145  0.082  0.060  0.032  0.383  0.011   
neast  0.150 -0.221  0.332 -0.253 -0.163  1.055**   
ncent  0.246*  0.424*  0.415**  0.211*  0.275  1.045**   
west -0.232 -0.170  0.187 -0.201  0.080  0.398   
year2004 -0.024  0.061  0.131  0.006  0.044  0.225   
penet  0.008 -0.005  0.003 -0.009  0.106***  0.066***   
unemp00 -0.016  0.072  0.021 -0.004  0.045  0.183***   
whitecollar00  0.004  0.008  0.026*  0.008  0.015  0.130***   
bluecollar00 -0.004  0.007  0.008  0.015* -0.041***  0.059*   
govt00  0.024* -0.015 -0.014 -0.012 -0.015  0.095***  
selfemp00 -0.026 -0.008  0.021  0.049*  0.014  0.003   

* p<0.05, ** p<0.01, *** p<0.001 
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Table 11: GMM Result of Expenditure Equations 
 I(Y>0) ln(Y) 

 Coeff. Bootstrap 
Std. Err. Coeff. Bootstrap 

Std. Err. 
_cons -1.154** 0.354  4.733*** 0.231 
age  0.007 0.006 -0.002 0.003 
male -0.241** 0.090 -0.038 0.044 
white  0.115 0.126  0.131** 0.065 
education  0.022 0.015  0.004 0.008 
income  0.001 0.002  0.000 0.001 
marry  0.098 0.088 -0.083 0.046 
nchildren  0.041* 0.019  0.002 0.008 
livealone  0.042 0.092 -0.037 0.045 
health  0.146*** 0.036  0.140*** 0.015 
heart  1.042*** 0.078  0.835*** 0.049 
diabetes  0.834*** 0.143  0.451*** 0.033 
cancer  0.233** 0.069  0.035 0.031 
bone  0.382*** 0.058  0.231*** 0.034 
mental  0.406*** 0.166  0.323*** 0.039 
nlimit  0.056* 0.026  0.037*** 0.009 
nadl -0.069 0.038  0.028 0.013 
smokenow -0.238* 0.111 -0.061 0.060 
smokequit  0.034 0.080  0.068** 0.033 
msa -0.132 0.089 -0.048 0.047 
neast -0.322** 0.129 -0.094* 0.058 
ncent -0.188* 0.079 -0.128** 0.050 
west -0.183 0.099 -0.235*** 0.054 
year2004  0.002 0.057  0.082*** 0.019 
d1  1.220*** 0.375  1.304*** 0.178 
d2  0.187 1.853  0.343 0.899 
d3  0.400 1.321  1.695*** 0.498 
d4  0.372 0.568  0.735** 0.300 
d5  0.771** 0.386  0.689*** 0.199 
d6  1.532 1.387 -0.402 0.735 
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Table 12: GMM Result of Average Treatment Effects and Median Treatment Effects 
Treated Group Counterfactual Choice ATET (Se.) MTET (Se.) 
ESI w/ RX 
N = 2848 Medicare FFS  1420.76 (13.41) 1290.68 (10.28) 

ESI w/o RX 
N = 238 Medicare FFS  289.45 (10.35) 271.24 (15.19) 

Medigap w/ RX 
N = 578 Medicare FFS  642.10 (14.45) 603.23 (10.21) 

Medigap w/o RX 
N = 1776 Medicare FFS  402.89 (4.66) 380.58 (4.73) 

MMC w/ RX 
N = 1043 Medicare FFS  312.66 (3.82) 299.92 (3.59) 

MMC w/o RX 
N = 127 Medicare FFS  -35.08 (10.85) -32.18 (17.24) 

ESI w/ RX 
N = 2848 ESI w/o RX 1114.23 (10.28) 1009.83 (7.74) 

ESI w/o RX 
N = 238 ESI w/ RX -1061.30 (33.60) -1000.60 (47.33) 

Medigap w/ RX 
N = 578 Medigap w/o RX 224.80 (5.49) 211.21 (3.79) 

Medigap w/o RX 
N = 1776 Medigap w/ RX -215.60 (2.88) -201.05 (2.82) 

MMC w/ RX 
N = 1043 MMC w/o RX 380.79 (7.91) 350.37 (9.63) 

MMC w/o RX 
N = 127 MMC w/ RX -331.78 (19.13) -311.49 (22.09) 
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Table 13: GMM Result of Expenditure Equations with Endogeneity Ignored 
 I(Y>0) ln(Y) 

 Coeff. Bootstrap 
Std. Err. Coeff. Bootstrap 

Std. Err. 
_cons -0.985*  0.389   5.008***  0.197  
age  0.005  0.005  -0.003  0.002  
male -0.259***  0.073  -0.104**  0.033  
white  0.142  0.094   0.213***  0.053  
education  0.035*  0.016   0.014  0.008  
income  0.002  0.002   0.001  0.000  
marry  0.170  0.089  -0.041  0.043  
nchildren  0.041**  0.016  -0.001  0.008  
livealone  0.069  0.087  -0.017  0.042  
health  0.147***  0.032   0.142***  0.015  
heart  1.072***  0.061   0.856***  0.048  
diabetes  0.858***  0.138   0.443***  0.033  
cancer  0.261***  0.068   0.072*  0.029  
bone  0.407***  0.064   0.248***  0.034  
mental  0.428**  0.132   0.330***  0.035  
nlimit  0.054*  0.025   0.036***  0.010  
nadl -0.072  0.038   0.032*  0.013  
smokenow -0.248**  0.094  -0.099  0.057  
smokequit  0.042  0.073   0.072*  0.032  
msa -0.095  0.069  -0.021  0.033  
neast -0.247**  0.093  -0.061  0.044  
ncent -0.169*  0.076  -0.107**  0.036  
west -0.179*  0.085  -0.215***  0.042  
year2004  0.003  0.047   0.085***  0.021  
d1  0.595***  0.090   0.803***  0.053  
d2  0.453**  0.176   0.315***  0.082  
d3  0.362**  0.120   0.505***  0.065  
d4  0.344***  0.090   0.324***  0.055  
d5  0.678***  0.113   0.220***  0.063  
d6  0.247  0.204  -0.307*  0.141  
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Table 14: GMM Result of Average Treatment Effects and Median Treatment Effects with Endogeneity Ignored 
Treated Group Counterfactual Choice ATET (Se.) MTET (Se.) 
ESI w/ RX 
N = 2848 Medicare FFS  1298.50 (13.35) 1173.51 (9.25) 

ESI w/o RX 
N = 238 Medicare FFS  249.05 (7.19) 235.92 (9.57) 

Medigap w/ RX 
N = 578 Medicare FFS  550.76 (12.43) 511.95 (9.32) 

Medigap w/o RX 
N = 1776 Medicare FFS  334.97 (3.84) 314.41 (3.24) 

MMC w/ RX 
N = 1043 Medicare FFS  233.43 (2.85) 220.51 (3.08) 

MMC w/o RX 
N = 127 Medicare FFS  -156.81 (10.39) -143.86 (13.37) 

ESI w/ RX 
N = 2848 ESI w/o RX 1036.89 (11.13) 933.05 (8.08) 

ESI w/o RX 
N = 238 ESI w/ RX -965.96 (36.31) -900.77 (59.58) 

Medigap w/ RX 
N = 578 Medigap w/o RX 196.94 (4.82) 182.55 (3.36) 

Medigap w/o RX 
N = 1776 Medigap w/ RX -184.86 (2.45) -173.90 (2.30) 

MMC w/ RX 
N = 1043 MMC w/o RX 419.97 (7.19) 382.67 (8.11) 

MMC w/o RX 
N = 127 MMC w/ RX -375.32 (16.63) -350.38 (16.19) 

 

 



A Flexible Two-Part Random Effects Model for Correlated Medical Costs

Lei Liu

Division of Biostatistics and Epidemiology, Department of Public Health Sciences,

University of Virginia, Charlottesville, VA 22908-0717, U.S.A.

Mark E. Cowen

Quality Institute, St. Joseph Mercy Health System, Ann Arbor, MI 48105, U.S.A.

Robert L. Strawderman

Department of Biological Statistics and Computational Biology,

Cornell University, Ithaca, NY 14853, U.S.A.

Ya-Chen T. Shih

Section of Health Service Research, Department of Biostatistics, Division of Quantitative Sciences,
M. D. Anderson Cancer Center, University of Texas, Houston, TX 77030, U.S.A.

Abstract

In this paper, we propose a flexible “two-part” random effects model (Olsen and Schafer 2001; Tooze,

Grunwald, and Jones 2002) for correlated medical cost data. Typically, medical cost data are right-skewed,

involve a substantial proportion of zero values, and may exhibit heteroscedasticity. In many cases, such

data is also obtained in hierarchical form, e.g., on patients served by the same physician. The proposed

model specification therefore consists of two generalized linear mixed models (GLMM), linked together by

correlated random effects. Respectively, and conditionally on the random effects and covariates, we model

the odds of cost being positive (Part I) using a GLMM with a logistic link and the mean cost (Part II)

given that costs were actually incurred using a generalized gamma regression model with random effects and

a scale parameter that is allowed to depend on covariates (c.f. Manning, Basu, and Mullahy 2005). The

class of generalized gamma distributions is very flexible and includes the lognormal, gamma, inverse gamma

and Weibull distributions as special cases. We demonstrate how to carry out estimation using the Gaussian

quadrature techniques conveniently implemented in SAS Proc NLMIXED. The proposed model is used to

analyze pharmacy cost data on 56,245 adult patients clustered within 239 physicians in a mid-western U.S.

managed care organization.
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1. Introduction

The recently rekindled debate on health care reform in the United States and interest in how to pay for an

expanded national program of care provides motivation to understand the relative influence of demographics,

patient-level illness burden and provider-level variability in practice patterns on these costs. With advanced

data collection and management techniques, medical cost data are now recorded routinely by hospitals,

disease registries, and health insurance companies. In combination with development and application of

state-of-the-art statistical methods of analysis, such widely available data can now be used to enhance our

understanding of these various influences.

Medical cost data are frequently right-skewed, involve a substantial proportion of zero values, and may

exhibit heteroscedasticity. For example, healthy people may incur no costs in a given year, while otherwise

similar patients having a particular disease (e.g., cancer) may incur medical costs that increase tremendously

by disease severity. Both observations suggest that no simple parametric distribution is suitable for describing

such “semi-continuous” data.

Recognizing the need to account for the semi-continuous nature of medical cost data arguably began with

the development of the “two-part” model (Cragg 1971; Manning et al., 1981) 1. Specifically, denote the cost

of a given subject by Y ; then, a two-part model for the probability distribution of Y consists of (i) modeling

the probability that Y > 0 using, say, a logistic or probit model (“Part I”); and, (ii) separately modeling

the probability distribution of Y |Y > 0 (“Part II”). Numerous options exist for Part II; a convenient and

common choice is to assume that [log Y |Y > 0] follows a linear regression model with normal errors (Manning

et al. 1983; Diehr et al. 1999).

More recently, the two-part model has also been extended to deal with correlated outcome data. For

example, Lu, Lin and Shi (2004) proposed a “marginal” version of this model, utilizing GEE for the purposes

of estimation and inference. Olsen and Schafer (2001) and Tooze, Grunwald and Jones (2002) instead

extended the two-part model to account for correlation through the introduction of random effects; see also

Zhang, Strawderman, Cowen and Wells (2006), who considered a related Bayesian formulation of this model.

1Enami and Mullahy (2008) traced the predecessor of two-part models back to Hald (1949) in the actuarial literature and
Aitchison (1955) in statistics.
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In the present context, such models permit one to account for situations in which costs incurred by subjects

may be related to each other, as might be expected for patients served by the same physician or treated

within the same hospital, or in cases where longitudinal cost information is available on a given patient. A

typical random effects formulation of the two-part model employs a generalized linear mixed model (GLMM)

for the binary outcomes Y > 0 in Part I and a linear mixed model for the positive continuous outcomes

[log Y |Y > 0] in Part II. The two parts of the model are then linked together by imposing a correlation

structure on the random effects that appear in Part I and Part II. Given the pair of random effects and all

covariates, the propensity (i.e., Y > 0) is usually assumed to be independent of the conditional response level

(i.e., [log Y |Y > 0]; averaging over the random effects thus induces two forms of correlation. In the context

of medical cost data with clusters of patients served by different physicians, the first form is standard and

captures (i) the marginal correlation between the propensity to incur costs among patients served by the

same physician; and, (ii) the marginal correlation between the level of costs actually incurred by patients

served by the same physician. The second form is more specific to the two-part model and captures the

relationship between the physician-specific propensity to incur cost and physician-specific level of actual

costs incurred. Such “cross-part” correlation is of interest; for example, in the case of pharmacy cost data,

it is interesting to ask whether a physician that has a higher probability of prescribing medication for his

patients also tends to prescribe more expensive medications for these patients (Zhang et al., 2006). As shown

in Albert (2005), the parameters of a marginal two-part model, such as that proposed in Lu et al. (2004),

can depend strongly on the underlying degree of cross-part correlation, resulting in a misleading assessment

of the regression effects. The specification of a random effects model avoids this problem, allowing one to

estimate interpretable regression effects as well as characterize the marginal effects of each variable on the

response variable.

One important disadvantage of the typical formulation of the two-part model relates to the use of a

transformation in Part II of the model. The resulting difficulties of re-transformation that arise are only

compounded in the presence of random effects. Duan (1983) proposed the “smearing” method for estimating

the mean of the untransformed response Y after fitting a linear regression model to a transformed response

(e.g., log Y ). However, if the transformation does not stabilize the variance, heteroscedasticity may be
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present (Duan et al. 1983; Manning 1998; Zhou, Stroup, and Tierney 2001; Zhou, Lin and Johnson, 2008).

In this case, Duan’s smearing estimate cannot be employed and the use of ordinary least squares (OLS)

leads to a biased estimate of the covariate effect on the untransformed mean of Y (e.g., Manning, 1998;

Mullahy, 1998; Manning and Mullahy, 2001). In response to these and other concerns, Manning, Basu,

and Mullahy (2005, hereafter MBM) proposed to use the generalized gamma distribution for modeling the

probability distribution of Y |Y > 0. This distribution is useful in that it contains the standard gamma,

inverse gamma, Weibull and lognormal distributions as special cases. As a result, standard testing methods

for nested hypotheses may be used in evaluating the fit of these simpler models; in addition, the model

provides greater flexibility in cases where none might permit an adequate description of the data.

In this paper, we propose a new two-part model that incorporates correlated random effects. Analogously

to MBM, our model uses a generalized gamma GLMM for Y in part II. Similarly to MBM and also Zhou

et al. (2001), we further permit the scale parameter of this distribution to depend on covariate information,

allowing for subject-level heteroscedasticity in the cost data. The proposed model is both flexible and

more general than those currently available in the literature, being capable of dealing with clustered data,

heteroscedasticity, and cross-part correlation. Maximum likelihood estimation for the proposed model is

easily implemented within SAS Proc NLMIXED (Littell et al. 2006). Further contributions of this paper

include a clear demonstration of the effects of heteroscedasticity in Part II of the two-part model on the

interpretation and bias of estimated covariate effects and a detailed discussion of the relationship between

the proposed model and a strongly associated class of marginal two-part models.

We illustrate the use of this model by analyzing pharmacy cost data from a mid-western U.S. managed

care organization (MCO) on 56,245 patients served by 239 primary care physicians (PCP). Important features

of the data include the clustering of patients within PCP, the substantial proportion (i.e., 26%) of zero cost

patients, and the highly skewed nature of the cost data among those patients with non-zero cost during the

year under study (i.e., respectively, a mean and median cost of $497.95 and $87.63). A similar dataset is

analyzed in Zhang et al. (2006) using a Bayesian two-part random effects model, with a focus on profiling

the physician contribution to patient pharmacy costs. In the present paper, the primary interest lies more

in characterizing the patient-level factors (i.e., covariates) that influence the pharmaceutical expenditures of
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adult patients, accounting for the possibility of both a physician effect and heteroscedasticity.

We remark here that the two-part model has been the subject of some controversy in the econometrics

literature, where it has been frequently compared and contrasted with the sample selection model of Heckman

(1976, 1979). The most relevant comparison is perhaps with the adjusted tobit model of van de Ven and

van Praag (1981), a variant of the sample selection model in which (i) ‘censored’ observations are actually

observed as true zeros instead of missing data; and, (ii) a correlation structure is imposed on the two possible

counterfactual responses (i.e., potential outcomes) at the level of the subject. Duan, Manning, Morris and

Newhouse (1984) demonstrated that these two model classes are in fact distinct and argued that the sample

selection model is intrinsically flawed; Manning, Duan and Rogers (1987) provided Monte Carlo evidence

to further back up these claims. However, Leung and Yu (1996) later presented alternative Monte Carlo

evidence that demonstrated the results of Manning et al. (1987) were inherently biased against the selection

model, particularly so when model parameters are estimated via limited information maximum likelihood.

Leung and Yu (1996) concluded that the two-part and sample selection model classes are in general designed

to answer distinct inferential questions and that both are useful in their respective contexts.

Despite appearances, the correlation structure induced by the two-part model with correlated random

effects is distinct from that imposed by the adjusted tobit model of van de Ven and van Praag (1981). As

indicated above, the former asserts that the correlation structure exists at the level of the physician; it is

not imposed at the level of the subject, as is the case with the adjusted tobit model. Moreover, unlike the

sample selection model, there is information in the observed data (i.e., the cluster structure) that allows

one to identify this correlation structure regardless of whether exclusion restrictions are imposed. For these

reasons, the relationship between two-part and sample selection models is not considered further in this

paper.

The rest of the paper is organized as follows. In Section 2, we review the generalized gamma distribution

and its properties and then introduce the proposed two-part model. In Section 3, we give the relevant

likelihood function and describe how estimation can be carried out in SAS; example SAS code is provided

in the Appendix. In Section 4, simulation is used to assess the performance of the estimation method. In

Section 5, the proposed model is applied to the dataset described above. Concluding remarks are given in
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Section 6.

2. Modeling Framework

2.1. The Generalized Gamma Distribution

Let Γ(·) denote the standard gamma function. Then, the density of the generalized gamma probability

distribution depends on the parameters κ, µ and σ and is given by (e.g., MBM)

f(y; κ, µ, σ) =
ηη

σyΓ(η)
√

η
exp[u

√
η − η exp(|κ|u)] (1)

where η = |κ|−2 > 0 and u = sign(κ)(log(y)− µ)/σ depends on the sign of κ. It follows that

E(y) = exp
{

µ +
σ log(κ2)

κ
+ log[Γ(1/κ2 + σ/κ)]− log[Γ(1/κ2)]

}
(2)

and

Var(y) = {exp(µ)κ2σ/κ}2
{

Γ(1/κ2 + 2σ/κ)
Γ(1/κ2)

−
[
Γ(1/κ2 + 2σ/κ)

Γ(1/κ2)

]−2
}

The generalized gamma distribution is very flexible, including the standard gamma, inverse gamma,

Weibull and lognormal distributions as special cases. For example, if σ = κ, the generalized gamma distri-

bution density (1) reduces to

f(y; ν, η) =
1

νηΓ(η)
yη−1 exp(−y/ν),

a standard gamma density with shape parameter η = κ−2 and scale parameter ν = κ2 exp(µ), i.e., mean

exp(µ) and variance κ2 exp(2µ). The inverse gamma distribution is instead obtained by setting κ = −σ with

σ > 0; that is, letting ε = ηeµ, (1) reduces to

f(y; ε, η) =
εη

Γ(η)

(
1
y

)η+1

exp(−ε/y),

which is recognized as a inverse gamma probability density function with shape parameter η and scale

parameter ε (e.g., Robert, 2007, p. 520). The inverse gamma distribution plays an important role in Bayesian

inference problems for normal regression models as the conjugate prior for the scale parameter (e.g., Robert,

2007, §4.4); the observation that this distribution arises as a special case of the generalized gamma density

does not appear to be well known.
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In contrast to the gamma and inverse gamma families, the Weibull and lognormal distributions are

obtained by fixing κ at a specific value. Specifically, when κ = 1, density (1) reduces to the probability

density function of a Weibull distribution. Alternatively, taking the limit of (1) as κ → 0, one obtains

f(y; µ, σ) =
1

σy
√

2π
exp

{
− (log(y)− µ)2

2σ2

}
,

a lognormal probability density function with parameters µ and σ.

2.2. A Flexible Two Part Random Effects Model

We are interested in modeling correlated semi-continuous cost data, characterized by a significant pro-

portion of zeros and highly right-skewed and heteroscedastic continuous positive values. Denote Yij as the

cost for the j-th patient clustered within physician i, where i = 1, 2, ..., n and j = 1, 2, ..., ni. Define Xij

and Zij as the covariate vectors for fixed and random effects, respectively; we assume that Xij contains a

column of ones for all subjects and hence that the model contains an intercept. Patients clustered within

the same physician are expected to have a more similar prescription pattern in comparison with those

treated by a different physician. The two-part model is specified conditionally on the covariates and a set

of correlated random effects a1 . . . an and b1 . . . bn. Specifically, for patient j treated within physician i, let

Hij = (XT
ij , Z

T
ij , a

T
i , bT

i )T , and assume:

• Part I: πij = P (Yij > 0|Hij) denotes the probability of observing a positive cost, where

logit(πij) = Xij
T α + Zij

T ai, (3)

and α is a vector of regression coefficients;

• Part II: the probability distribution of Yij |(Yij > 0, Hij) follows the generalized gamma distribution of

Section 2.1 with parameters κ, µ = ϕij and σ = τij , where

ϕij = Xij
T β + Zij

T bi, (4)

τ2
ij = exp(Xij

T δ), (5)

and β and δ are vectors of regression coefficients.
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The random effects ai and bi respectively account for the variation within clusters in parts I and II. It is

assumed that ri = (aT
i , bT

i )T ∼ N(0, D), with D being a positive definite matrix. The correlation between

ai and bi captures the cross-part correlation between the odds of nonzero cost and the level of positive

cost for patients treated by the same physician. The dependence of τij on Xij allows for the possibility of

heteroscedasticity; a homoscedastic model is obtained if δ(−1) = 0, where δ(−1) denotes the set of regression

coefficients excluding the intercept. While other functional forms can also be chosen in (5), the proposed

form has the advantage that the estimated scale parameter is guaranteed to be positive, thus avoiding an

unbounded likelihood (e.g., Crisp and Burridge, 1994). While it is technically possible for different covariates

vectors to be used in (3)-(5) by simply fixing the corresponding fixed or random effects to be zero, using

the same set of covariates likely improves the interpretation of the coefficients and resulting summaries (e.g.,

expected costs).

Remark. An alternative way to capture within cluster correlation is to employ a common random effect

in parts I and II of the model; equivalently, the model specifies that the correlation of ai and bi is equal to

one. An important disadvantage of this model specification is the interpretation of the random effect, which

has a different meaning and numerical effect in Parts I and II of the model.

The proposed model is very comprehensive and includes many others as special cases. For example,

by specifying κ → 0, δ(−1) = 0 in (5), and D = 0, one obtains the original two-part model of Manning

et al. (1981); if κ → 0, δ(−1) = 0 and D 6= 0 is a positive definite 2 × 2 matrix, one instead obtains

the model considered in both Olsen and Schafer (2001) and Tooze et al. (2002). As suggested in Section

2.1, allowing κ to be non-zero permits a much wider array of modeling options. For example, the choice

κ = 1 leads to specifying Weibull model in Part II, with (δ(−1) = 0) or without (δ(−1) 6= 0) homoscedastic

errors. Alternatively, if δ(−1) = 0, κ = ±τ , and D = 0 then one obtains a two-part model in which Part

II respectively corresponds to a gamma or inverse gamma generalized linear model; a generalized linear

mixed model instead obtains if D is assumed to be a positive definite matrix. If δ(−1) 6= 0, then it becomes

impossible to enforce the condition that κ = ±τ , and the resulting part II model is no longer a member of

either the gamma or inverse gamma families.
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Note that while the proposed model specifies Part I as a logistic regression model, one is not restricted

to this choice, either in theory or in computation. For example, specifying Part I via a probit model and

letting κ = 0, δ(−1) = 0 and D 6= 0 be a positive definite 2 × 2 matrix leads to a frequentist version of the

model considered in Zhang et al. (2006).

2.3. Interpretation of covariate effects and impact of heteroscedasticity

2.3.1. For continuous covariates

In order to assess the overall impact of a continuous covariate xs on the expected cost, it is sensible to

consider (e.g., Manning et al., 2005, Sec. 2.1)

d log E [Y |H]
dxs

=
d log P (xs)

dxs
+

d log M(xs)
dxs

, (6)

where H = {x, z, a, b}, x and z are generic covariate vectors,

P (xs) = expit
{

xsαs + xT
(−s)α(−s) + zT a

}

for expit(t) = et/(1 + et) and, from (2),

M(xs) = exp
{

µ(xs) +
σ(xs) log(κ2)

κ
+ log[Γ(1/κ2 + σ(xs)/κ)]− log[Γ(1/κ2)]

}

with µ(xs) = xsβs + xT
(−s)β(−s) + zT bi and σ(xs) = exp

{
.5(xsδs + xT

(−s)δ(−s))
}

. Suppose that z is indepen-

dent of xs; this is true, for example, in a model that only includes random intercept terms in parts I and

II or with any covariate that appears in both parts I and II of the model only as a fixed effect. Then, a

straightforward calculation shows that (6) can be equivalently written

d log E [Y |H]
dxs

= αs {1− P (xs)}+ βs + δs
σ(xs)
2κ

(
log κ2 + Ψ(θ(xs))

)
, (7)

where θ(xs) = κ−2 + κ−1σ(xs) and Ψ(·) denotes the digamma function. Equation (7) measures the local

rate of change in E [Y |H], considered as a function in xs, relative to E [Y |H]. One can view this as an

approximation to the percentage change in E [Y |H] for a one unit increase in xs (e.g., Wooldridge, 2002,

p. 17). In fact, multiplying (7) by xs, the resulting quantity is the cluster-specific “partial elasticity” of

the mean cost with respect to xs. The partial elasticity is a measure commonly used in economics (e.g.,

Wooldridge, 2002, p. 16).
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The result (7), a computation carried out conditionally on the random effects, shows that the derivative

depends on the random effects r = (aT , bT )T only through a in the term P (xs). There are several ways to

evaluate d log E[Y |H]
dxs

with respect to random effect a. For example, one might compute the average derivative

by taking the expectation of (7) with respect to the marginal distribution of a. Because the random effects

r = (aT , bT )T appear only through a in the term P (xs), the average derivative is equal to (7) with P (xs)

replaced by Ea[P (xs)]. In practice, this can be calculated by numerical integration. A simpler but less

appealing alternative is to compute P (xs) at a fixed value of a, such as a = 0. When multiplied by xs, one

therefore obtains the average partial elasticity of the mean cost with respect to xs.

In the absence of heteroscedasticity in xs (i.e., δs = 0), (7) reduces to

d log E [Y |H]
dxs

= αs {1− P (xs)}+ βs. (8)

Here, the logarithm of the mean cost is observed to increase (decrease) if both αs and βs are positive

(negative). Moreover, if sign(αs) = sign(βs), then the sign of βs agrees with the sign of (7) and |βs|

represents a lower bound on both the subject-specific and average rate of change regardless of x and z. The

presence of heteroscedasticity adds the corresponding terms from (7) after the βs term. This increases the

complexity of the elasticity calculation and interpretation of effects as well as demonstrating that its neglect

is expected to create bias. For example, equality of the signs of αs and βs is no longer sufficient to determine

the overall impact of a covariate xs on the mean cost because this effect additionally depends on the sign of

δsκ
−1(2 log |κ|+ Ψ(θ(xs))), as well as the relative magnitudes of the two terms appearing on the right-hand

side of (7). Importantly, such complications arise not because of the use of a two-part model or the inclusion

of random effects but rather due to the dependence of the mean of the generalized gamma distribution on

the location and scale parameters; see (2).

2.3.2. For binary covariates

With a binary covariate, the formulas (6) and (7) no longer apply. Without loss of generality, suppose

that xs (e.g. s -th disease indicator) takes on the value 0 or 1. Then, the proper analog of (6), the log ratio

of expected cost with and without disease s, is

log
P (1)
P (0)

+ log
M(1)
M(0)

, (9)
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where, using previous notation, we have

log
(

P (1)
P (0)

)
= αs + log

(
1 + exp{xT

(−s)α(−s) + zT a}
1 + eαs exp{xT

(−s)α(−s) + zT a}

)
.

and

log
(

M(1)
M(0)

)
= βs +

log(κ2)
κ

[σ(1)− σ(0)] + log
(

Γ(1/κ2 + σ(1)/κ)
Γ(1/κ2 + σ(0)/κ)

)
.

In the absence of heteroscedasticity in xs (i.e., σ(1) = σ(0)), the logarithm of the mean cost is again observed

to increase (decrease) if both αs and βs are positive (negative). Moreover, and similarly to the case of a

continuous covariate, equality of the signs of αs and βs in the presence of heteroscedasticity is not sufficient to

determine whether costs (either overall or considering only contributions from Part II) increase or decrease.

Similarly to (7), the derivative (9) can be evaluated by taking the expectation with respect to the marginal

distribution of random effect a or by evaluating it at a given value of a.

2.4. Marginal versus conditional two-part models

The interpretation of the fixed effects (e.g., regression parameters) in the proposed nonlinear mixed effects

model is conditional on the level of the random effects a and b. Such a “subject specific” interpretation may

not always be of interest; hence, following the suggestions of a referee, we introduce a so-called marginal

model that does not rely on the specification of a random effects structure. In contrast to the mixed effects

model, the fixed effects in a marginal model have a “population averaged” interpretation and are in general

distinct from their analogs in the mixed model outside the setting of additive linear models (e.g., Zeger,

Liang and Albert, 1988).

Section 2.2 posits a conditional model for E[Y |H], where we recall the notation H = {x, z, a, b} for generic

covariate vectors x and z. Letting H∗ = {x, z}, a two-part model for the marginal expectation E [Y |H∗]

is an obvious alternative to E[Y |H]. Specifically, and analogously to Section 2.2, we consider the marginal

two-part model E [Y |H∗] = PαM
(x)MθM

(x), where PαM
(x) = P{Y > 0|H∗} = expit

{
xT αM

}
,

MθM
(x) = E[Y |H∗, Y > 0] = exp

{
xT βM +

σδM
log(κ2

M )
κM

+ log[Γ(1/κ2
M + σδM

/κM )]− log[Γ(1/κ2
M )]

}
,

θM = (βT
M , δT

M , κM )T , and σδ = exp
{
(xT δM )/2

}
. In contrast to the model of Section 2.2, this model involves

no random effects and the parameters used to describe the fixed effects, or αM and θM , therefore have
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population-averaged interpretations. However, similarly to Section 2.3 and unlike many marginal models,

the model parameters αM and θM do not directly describe the marginal effect of an individual variable xs

on the mean cost or its average partial elasticity; see, for example, (7) and (8).

The indicated marginal two-part model coincides with that of Section 2.2 if the covariance matrix D of

(aT , bT )T in the latter random effects model is set to zero. More generally, if D 6= 0, the model of Section

2.2 induces a different formula for the marginal mean cost E [Y |H∗]. To see this, note that an easy algebraic

argument shows that we may rewrite E [Y |H] as Pα(x)Mθ(x)Kα(a, b, x, z), where

Kα(a, b, x, z) =
ezT (a+b)

(
1 + exT α

)

1 + exT α+zT a

and Pα(x) and Mθ(x) are defined exactly as above, but with αM and θM replaced by α and θ = (βT , δT , κ)T .

Averaging over the random effects then induces the marginal mean cost model E [Y |H∗] = Pα(x)Mθ(x)K̃α(x, z),

where

K̃α(x, z) =
(
1 + exT α

)
× E

[
ezT (a+b)

1 + exT α+zT a

∣∣∣H∗
]

. (10)

Using the fact that the joint distribution (aT , bT )T is multivariate normal with mean zero and covariance

matrix D, it is easy to show that K̃α(x, z) = 1 if and only if D = 0. Thus, in the presence of random effects,

the conditional and marginal two-part models do not lead to equivalent representations for E [Y |H∗].

Consistent with the calculations of Albert (2005), the results above further suggest that the interpretation

of αM and θM may be impaired in cases where a cluster-specific relationship exists between the probability

of positive response (here, cost) and the associated level, given any. Specifically, in order for equality to hold

between Pα(x)Mθ(x)K̃α(x, z) and PαM (x)MθM (x) at a given x, the parameters αM and θM must necessarily

depend on D. This reduces the appeal of the marginal model for characterizing the impact of covariates

on both the propensity for incurring costs and the average level of costs, given any. However, similarly to

Section 2.3, the effect of a given covariate xs on E[Y |H∗] or log E[Y |H∗] can also be characterized by taking

the derivative with respect to xs of the marginal two-part model mean prediction PαM (x)MθM (x) or its

logarithm. An expected disadvantage of this approach is the relative inefficiency of the estimates derived

under the marginal model. Comparisons between the corresponding average partial elasticities that would

be obtained under both models are provided in our simulation study (Section 4) and data analysis (Section
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5).

Remark. In the case where D 6= 0, K̃α(x, z) in (10) has an interesting interpretation as the relative error

in the mean cost prediction that would be incurred by using the subject-specific parameter values α and

θ in the marginal two-part model mean prediction function Pα(x)Mθ(x). It is difficult to characterize the

behavior of K̃α(x, z) in general. However, in the setting where a and b denote random intercepts (i.e., where

z is a vector of ones), it is possible to calculate bounds on K̃α(x, z) that depend only on the components of

D. Specifically, let ρ denote the correlation between a and b and note that σ2
a = d11 and σ2

b = d22 denote

the variances of a and b. Then, tedious but straightforward calculations show that

K̃α(x, z) ≥ e
1
2 (σ2

b (1−ρ2)) ×
[
e

1
2 (ρσb+σa)2 {1− Φ (ρσb + σa)}+ e

1
2 (ρσb)

2
Φ(ρσb)

]

and

K̃α(x, z) ≤ e
1
2 (σ2

b (1−ρ2)) ×
[
e

1
2 (ρσb+σa)2Φ(ρσb + σa) + e

1
2 (ρσb)

2 {1− Φ (ρσb)}
]
,

where Φ(·) denotes the cumulative distribution function for the standard normal distribution. Of importance

here are the facts that these bounds depend only on the components of D and are each equal to one when

D = 0. Hence, subtracting the lower bound from the upper bound and rearranging terms, these bounds

demonstrate directly that K̃α(x, z) must be close to 1 regardless of x when both σa and ρσb are small.

In other words, in cases where cluster-specific contribution to variation is small, the mean predictions and

estimates of fixed effects obtained under the two-part random effect model should be reasonably close to

those obtained under the marginal two-part model. In this case, the proposed methodology is primarily

expected to result in efficiency gains.

3. Maximum Likelihood Estimation for the Two Part Random Effects Model

Denote Oi = {Yi, Xi, Zi} as the observed data for cluster i, where Yi = (Yi1, Yi2, . . . , Yi,ni)
T and Xi and

Zi are defined accordingly. The observed data likelihood function is

L(α, β, δ,D) =
n∏

i=1

Li(α, β, δ,D),

where Li(α, β, δ,D) denotes the contribution of cluster i (i.e., for the data Oi). The parameter δ is a vector;

under a homoscedasticity assumption, δ(−1) is fixed at zero and the parameter is effectively scalar. Under
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the proposed model, we have

Li(α, β, δ,D) ∝
∫

exp(l1(ri) + l2(ri))p(ri)dri, (11)

where ri = (aT
i , bT

i )T ,

l1(ri) =
ni∑

j=1

[I(Yij > 0)logit(πij) + log(1− πij)], (12)

πij is defined as in (3),

l2(ri) =
ki∑

j=1

[(η − 0.5) log(η)− log τij − log Yij − log Γ(η) + uij
√

η − η exp(|κ|Yij)] , (13)

where ki =
∑ni

j=1 I(Yij > 0), uij = sign(κ)(log(Yij)− ϕij)/τij , τij is defined as in (5) and p(ri) denotes the

probability density function for a N(0, D) random variable. The specifications (12) and (13) respectively

correspond to parts I and II of the proposed model as defined in Section 2.2.

As can be seen from (11), the likelihood contributions Li(α, β, δ,D), i = 1 . . . n each involve the integral

of a complicated nonlinear function of the vector ri with respect to the multivariate normal probability

density function. Various computational techniques, such as (adaptive) Gaussian quadrature (e.g., Anderson

and Aitkin, 1985; Hedeker and Gibbons, 1994; Pinheiro and Bates, 1995; Liu and Pierce 1994), Laplace

approximation (Tierney and Kadane, 1986; Wolfinger 1993), partial quasi-likelihood (PQL; Breslow and

Clayton, 1993; Goldstein and Rasbash, 1996), and Monte Carlo techniques (McCulloch 1997) have been

proposed to deal with such analytically intractable integrals frequently arising in nonlinear mixed effects

models. A recent summary of these methods is available in Molenberghs and Verbeke (2005, Chapter 14).

In the case where {Y |Y > 0, b} follows a lognormal distribution, Olsen and Schafer (2001) suggested a

sixth order Laplace approximation (Raudenbush, Yang, and Yosef 2000) for estimation, whereas Tooze et

al. (2002) utilized adaptive Gaussian quadrature. In our experience, both methods generally perform well,

with the sixth order Laplace approximation being considerably faster in high dimensional settings (i.e., ≥ 4

random effects). However, this approximation is not yet available in commercial software packages for fitting

nonlinear mixed effects models; by contrast, adaptive Gaussian quadrature is conveniently implemented in

SAS Proc NLMIXED (Littell et al. 2006). An overview of the adaptive Gaussian quadrature approximation
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method is given in the appendix, along with sample SAS code for fitting the proposed model.

4. Simulation

In this section we report results from a simulation study done to evaluate the performance of the proposed

estimation procedure. We assume that there is a single fixed effects covariate X1, simulated here from a

Uniform(0, 1) distribution. Fixed effects coefficients are set to be α = (α0, α1)T = (−1, 0.5)T and β =

(β0, β1)T = (1, 1)T , implying that each part of the model has an intercept term. We further assume that

the random effects ai and bi are each scalar quantities, hence that the model intercepts vary by cluster;

moreover, ri = (ai, bi)T follows a bivariate normal distribution with covariance matrix

D =
(

1 0.5
0.5 1

)
.

We set κ = 2 in (1) and permit heteroscedasticity, assuming specifically that δ = (δ0, δ1)T = (1, 2)T in (5). In

this model, approximately 65% of the simulated costs are zero; furthermore, the mean of the positive costs is

$29.6 with a standard deviation of $232.9. That is, the distribution of the simulated costs is semi-continuous,

with a large point mass at zero and highly skewed to the right.

The simulation results summarized in Table 1 are based on 600 independent samples, each consisting

of n = 200 physicians and ni = 12 patients per physician. All models were fit using SAS Proc NLMIXED

and adaptive 5-point Gaussian quadrature. Increasing the number of quadrature points to 10 substantially

increased computation time with negligible changes to the results reported in Table 1.

The panel of Table 1 labeled “Proposed Model” demonstrates that the empirical biases are negligible and

the coverage probabilities are acceptably close to the nominal level 0.95 for each of the model parameters; in

addition, we observe small differences between the simulated and average estimated standard error estimates.

For comparison, we additionally fit two reduced (i.e., misspecified) models. The reduced model A assumes

a lognormal distribution, allowing for heteroscedasticity; the reduced model B assumes a generalized gamma

distribution but assumes homoscedasticity (i.e., τij = τ is constant for all subjects). The results for reduced

models A and B are shown in the middle and right panels of Table 1. We observe that the estimates obtained

for Part I are virtually identical. However, large discrepancies are found between the β coefficients estimated

from either of reduced models and those estimated using the proposed model. We additionally find biased
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Table 1: Simulation Results
Proposed model Reduced model A Reduced model B

Parameter Est SE SEM CP Est SE SEM CP Est SE SEM CP

α0 = −1 -1.005 0.123 0.122 95.0% -1.007 0.123 0.122 95.4% -1.004 0.122 0.122 95.0%
α1 = 0.5 0.502 0.163 0.168 95.1% 0.501 0.164 0.168 95.2% 0.502 0.163 0.168 95.1%

β0 = 1 1.010 0.230 0.245 96.1% -1.168 0.379 0.357 0.0% 0.672 0.277 0.313 85.4%
β1 = 1 0.998 0.464 0.471 94.3% -2.669 0.700 0.691 0.0% 2.116 0.398 0.410 21.6%

δ0 = 1 0.980 0.205 0.211 96.3% 2.448 0.196 0.113 0.0%
δ1 = 2 1.993 0.233 0.233 95.6% 1.991 0.324 0.181 72.0%

κ = 2 2.026 0.212 0.208 93.8% 2.224 0.257 0.255 93.6%

d11 = 1 1.007 0.168 0.168 93.6% 1.010 0.171 0.167 94.0% 1.007 0.168 0.168 93.5%
d12 = .5 0.494 0.187 0.182 94.5% 0.498 0.303 0.284 95.9% 0.505 0.197 0.195 95.8%
d22 = 1 0.987 0.334 0.326 92.6% 1.094 0.717 0.774 97.9% 1.162 0.369 0.379 96.5%

The proposed model corresponds to the logistic-heteroscedastic generalized gamma model described in Section 2.2. The
reduced models correspond to submodels of the proposed model. Specifically, reduced model A assumes a lognormal
distribution with heteroscedasticity (i.e., κ → 0) and reduced model B assumes a generalized gamma distribution without
heteroscedasticity (i.e., δ(−1) = 0). Est denotes the mean of the parameter estimates (600 replicates); SE denotes the
standard error of the simulated parameter estimates; SEM denotes the sampling mean of the standard error estimate;
CP denotes the coverage probability of the corresponding 95% confidence interval.

estimates for δ0 and d22 in reduced model A, and for κ and d22 in reduced model B.

To study the overall effect of the continuous covariate X1 on mean cost, we calculate the average derivative

of d log E[Y |H]
dX1

using (7), where Ea[P (X1)] in (7) is obtained by numerical integration. As explained earlier,

multiplying the resulting point estimates by the value of X1 gives the estimated average partial elasticity.

One may also calculate d log E[Y |H]
dX1

under reduced models A and B. Under reduced model A,

d log E [Y |H]
dX1

= α1 {1− P (X1)}+ β1 + δ1
σ2(X1)

2
; (14)

under reduced model B, we obtain (8), i.e.,

d log E [Y |H]
dX1

= α1 {1− P (X1)}+ β1. (15)

As described in Section 2.4 and per the suggestion of a referee, we also include the analogous results obtained

from fitting a marginal two-part model to the simulated data.

Table 2 summarizes the results of these calculations for X1 in all settings, which we refer to as the impact

of X1 on the logarithm of the mean cost (or log mean cost). Because the marginal effect differs with the value

of X1, we show these results at the quartiles X1 = 0.25, 0.5, and 0.75. With a correctly specified model,

we find that the estimated effect for X1 is very close to its theoretical value at all three covariate values.

However, under reduced models A and B, the estimates are substantially biased. Interestingly, we further
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Table 2: Overall covariate effect on the logarithm of the mean cost

X1 = 0.25 X1 = 0.5 X1 = 0.75
True Value 2.636 3.391 4.465

Proposed Model 2.610 (1.834, 3.362) 3.359 (2.490, 4.140) 4.432 (3.281, 5.636)
Reduced Model A 16.500 (12.550, 20.813) 28.920 (19.018, 40.120) 49.892 (28.449, 79.201)
Reduced Model B 2.456 (1.670, 3.289) 2.443 (1.652, 3.259) 2.429 (1.634, 3.247)
Marginal Model 2.567 (1.657, 3.383) 3.438 (2.506, 4.367) 4.629 (3.409, 6.093)

The estimates above are averaged over the random effects and computed using numerical integration. The numbers in
parentheses are the simulated 2.5% and 97.5% percentiles of the corresponding sampling distribution obtained using 600
simulated datasets.

observe that the bias under reduced model A is even more substantial than that under reduced model B, an

indication of the importance of selecting an appropriate parametric model in Part II. The use of a marginal

model yields point estimates in Table 2 that are close to those obtained under the random effects model.

However, these estimates exhibit greater spread, as measured by the distance between the upper and lower

2.5% percentiles of the corresponding sampling distributions. In particular, and in each case, the distance

between these percentiles obtained under the marginal model is on average 13% longer than those obtained

under the random effects model.

Finally, we run a simulation where reduced model A holds. The parameters are identical to the first

setting described above, except that Part II of the data generating model is assumed to follow a lognormal

distribution (i.e., a generalized gamma distribution with κ → 0). Fitting the data assuming a generalized

gamma distribution in Part II, the parameter estimates are observed to have very small biases (results not

shown); for example, the simulated mean of the MLE κ̂ is 0.003 (SE=0.093). In addition, the corresponding

mean estimates derived under (7) exhibit little, if any, bias. These results demonstrate that the proposed

estimation procedure behaves well in this limiting special case.

5. Analysis of Pharmacy Cost Data

The pharmacy cost data are taken from a mid-western US MCO. The original dataset includes 98, 382

patients clustered within 252 PCPs. Our study sample is limited to non-pediatric physicians serving only

adult patients (i.e., aged 18 years and over) and consists of 56,245 patients served by 239 PCPs. The outcome

variable is total pharmacy expenditure, defined to be the total consumption of pharmaceuticals evaluated at

the contracted wholesale price minus a network discount for all drugs prescribed during a one year period.
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Each physician serves a different number of patients, ranging from 2 to 1, 820. Of these patients, 14,721

(26%) had zero pharmacy cost; the remaining patients respectively had a mean and median cost of $497.95

and $87.63, with a maximum $68,442. Further details regarding the study site and data may be found in

Cowen et al. (1998); see also Cowen and Strawderman (2002) and Zhang et al. (2006) for related analyses.

It should be noted that the dataset utilized in Zhang et al. (2006) differs slightly from our study sample due

to refinements in the definition of “non-pediatric” physicians.

The original dataset contains information on 37 diagnostic groups (i.e., covariates), along with lim-

ited patient and physician demographic information; see, for example, Cowen and Strawderman (2002).

For computational purpose, we have regrouped the data into 11 major diagnosis categories, including: in-

fection, diabetes, affective disorders, neuropsychiatry, epilepsy, HIV, anxiety, hypertension/hyperlipidemia

(HTN LIPD), heart, asthma and chronic obstructive pulmonary disease (Asthcopd), and collagen vascular

diseases. Other possible data reductions were explored, for example, further combining some of the disease

groups. However, we determined that the proposed reduction led to the best results in terms of AIC criteria.

In addition to these eleven diagnosis groups and similarly to Zhang et al. (2006), we include patient age

(centered at its mean, 43 years old, and measured in units of 10 years) and physician gender as covariates.

In this study, we additionally consider all two-way interactions between diabetes, heart, HTN LIPD and

also the interaction between anxiety and affective disorders. The same set of covariates are used in the

specification of parts I and II of the model, including the scale parameter (5). Similarly to Zhang et al.

(2006), we include random intercepts in the Part I and Part II model, allowing for the possibility that these

intercepts are correlated.

The results of fitting the heteroscedastic generalized gamma model are summarized in Tables 3 and 4.

Table 3 respectively reports the MLEs, estimated standard errors and p-values associated with the regression

parameters α and β in parts I and II of the model; Table 4 respectively reports the same information for

δ in (5), the variance components d11, d12, and d22 (i.e., the unique elements of the 2 × 2 matrix D), and

the generalized gamma distribution parameter κ. For comparison, we also fit models that correspond to

the reduced models A and B considered in Section 4; that is, reduced model A corresponds to using a het-

eroscedastic lognormal distribution in Part II, while reduced model B corresponds to using a homoscedastic
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generalized gamma distribution in Part II. All models are fitted using SAS Proc NLMIXED with adaptive

5-point Gaussian quadrature. All assessments of statistical significance for the fixed effects throughout the

analyses summarized below are carried out conditionally on the estimated variance components.

5.1. Interpretation of regression effects and variance components

Table 3 demonstrates that most covariates have a statistically significant impact on cost. For example, all

disease conditions, alone or in combinations, raise the probability of experiencing costs (Part I). In addition,

the odds of having a prescription increase for patients served by female physicians and as patients age. We

further observe that the signs of the coefficients in Part II of the model agree with those in Part I. However,

as pointed in Section 5.2 below, the results of Table 4 demonstrate the presence of statistically significant

heteroscedasticity. For reasons discussed earlier, it implies that one cannot directly interpret the signs of the

coefficients in the Part II model. For example, the positive coefficient observed for Epilepsy in Part II of

the model is by itself insufficient to conclude that the mean cost for a patient with epilepsy is higher than

the mean cost for a patient without epilepsy, all else being equal. Importantly, the above issue arises as a

direct result of the presence of heteroscedasticity and is not a consequence of using a two-part model nor the

inclusion of random effects. We reserve further comment on the interpretation of the fixed effects results in

Section 5.3, where we evaluate the impact of disease and demographic covariates on the mean cost through

(7) and (9).

The estimated variance components d̂11 = 0.045 and d̂22 = 0.024 in Table 4 are observed to be small

in magnitude. However, each is highly significant (p < 0.0001), suggesting that unexplained heterogeneity

may still persist, for example, due to differences in physician prescribing styles and other reasons. The

estimated covariance d̂12 is positive (p < 0.0001), further suggesting a strong positive correlation (ρ̂ =

0.024/[(0.045)(0.030)]1/2 = 0.653) between the two model components. As indicated in Zhang et al. (2006),

one possible interpretation of this result is that physicians who are more likely to issue prescriptions also tend

to prescribe more intensively (e.g., multiple medications or more expensive medications) for their patients.

The MLEs of the variance components and correlation reported here are comparable in magnitude to the

posterior means of these parameters reported in Zhang et al. (2006, Table 1).
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5.2. Heteroscedasticity and model comparisons

Appropriate versions of reduced models A and B described in Section 4 were also fit to these data. The

regression parameters for model B are not provided since we assume homoscedasticity. Similarly to Table

1, Table 3 demonstrates that (a) there exist negligible differences in parameter estimates in Part I among

the three models; and, (b) more noticeable differences occur for the estimated regression coefficients under

Part II. For example, covariate effects for both Infection and Asthcopd differ by more than 10% between the

proposed model and the reduced model A; in reduced model B, we find that the estimates for Neuropsychiatry,

Epilepsy, HIV, and the interaction between affective disorder and anxiety differ substantially from those

obtained under the proposed model. The majority of the Part II standard error estimates under reduced

model B exceed those for the proposed model; this result is likely a consequence of reduced bias, though

may potentially reflect improved efficiency of the proposed model.

The likelihood ratio statistic comparing the proposed model to reduced model A evaluates whether speci-

fying a heteroscedastic lognormal distribution for Part II might be appropriate; we find p < 0.0001, suggesting

that the generalized gamma distribution provides a better fit to these data. Similarly, the likelihood ratio test

statistic for the global test H0 : δ(−1) = 0 (i.e., reduced model B) vs. the alternative that at least one of these

parameters is non-zero (i.e., the proposed model) is also statistically significant (p < 0.0001), providing a

strong evidence of heteroscedasticity. Inspection of the individual δ’s and corresponding test results in Table

4 further shows that each disease condition, except neuropsychiatry and HIV, has a negative, statistically

significant coefficient. One interpretation of this result is that patients having a given disease status will

exhibit less heteroscedasticity in comparison to those without this condition; such a result might be expected

in cases where most of the patients under study have only a few of indicated disease conditions. We also

find that increasing patient age and female physician gender are associated with increased homoscedasticity.

5.3. Impact of covariates on mean costs

In order to characterize the overall effect of the disease covariates on cost under the proposed model,

we first calculate (9) for each binary disease category, holding all other covariates at 0 (or mean value

for centered age). The resulting estimated conditional partial effects are then averaged over the estimated

distribution of the random effects in order to produce average partial effects. A similar calculation is done
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for the continuous covariate “patient age” using (7). These results, as well as 95% confidence intervals, are

summarized in Table 5. Completely analogous calculations, but carried out under the reduced models A

and B, are also summarized in Table 5. Finally, we also summarize results obtained using the marginal

two-part model of Section 2.4 that disregards the random effects; the corresponding 95% confidence interval

is computed using 600 cluster bootstrap samples.

The resulting average partial effect estimates are summarized in Table 5 and provide a different but

equivalent formulation of the effect estimates summarized in Tables 3 and 4. Variables that appear only as

main effects in Tables 3 and 4 are summarized in the top half of Table 5 and describe the effect on cost for

the indicated condition for a patient of mean age in the absence of all other conditions. For example, the

“Infection” category evaluates the effect of infections on cost, relative to those who have not experienced

infection, for patients of average age having no other conditions. Variables appearing as both main effects

and in interaction terms in Tables 3 and 4 are summarized in the bottom half of Table 5. The interpretations

of these effects are similar to those variables appearing only as main effects. For example, the “Diabetes”

category evaluates the effect of diabetes on cost in the absence of all other conditions. Similarly, “Diabetes

+ Heart” characterizes the combined impact of diabetes and heart disease on cost in the absence of all other

conditions. In short, Table 5 now describes the impact of several mutually exclusive disease categories on

cost. With 11 disease categories, there are 2048 possible disease combinations; for the purposes of illustration,

we therefore consider only the individual conditions represented by the main effect and interaction terms

appearing in Tables 3 and 4. In these and all other cases, the estimated effects are easily obtained using

“estimate” statement in SAS Proc NLMIXED.

Consider first the proposed model. In the top half of Table 5 and also for the main effects appearing in

the bottom half, we observe that the signs of the change in the logarithm of the mean cost in Table 5 agree

with the corresponding main effects reported in Table 3. For example, the results suggest that older patients

have higher costs overall (Table 5), consistent with receiving prescriptions more often and tending to spend

more for their prescriptions (Table 3). In addition, patients seeing female physicians have higher overall costs

(Table 5), consistent with being likely to get prescriptions and spending more on their medications (Table

3). In general, all disease groups are estimated to significantly increase the odds of medication prescription,
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with presence of any individual disease increasing the average pharmacy cost, results that are also reflected

in Table 5.

The interaction terms in Tables 3 and 4 have significantly negative coefficients in parts I and II. These

results suggest that the impact of the specified disease conditions on each component of the mean pharmacy

cost is not additive for patients with two (or more) of these conditions, a result also reflected in the effect

estimates summarized in Table 5. For example, we see that the sum of the estimated effects for Heart (i.e.,

0.890) and for HTN LIPID (i.e., 0.732), or 1.622, exceeds that for the combination of these two conditions

(i.e., 1.224). This result is not unexpected; because the diagnosis groups are broadly defined, each category

may include patients that share common conditions but do not necessarily require additional medication.

Either diagnosis alone might require medication, but two diagnoses together may be adequately treated

with a single medication. For example, beta blockers can be used to lower blood pressure (i.e., used for the

covariate HTN LIPID), as well as to reduce the mortality risk of myocardial infarctions (Heart). However,

because cardiac patients often have hypertension, a single medication may be sufficient to capture the costs

associated with both diagnoses.

The proposed model and corresponding marginal model lead to reasonably similar point estimates; as

discussed in the next subsection, this similarity can be attributed to the small magnitude of the estimated

variance components. However, on average, the 95% confidence intervals obtained under the marginal

model are also 10% longer, reflecting decreased efficiency in comparison with the random effects model.

Comparisons between the results of the proposed model and those obtained under the reduced models A and

B provide further information. For example, while the results of Tables 3 and 4 indicate that the lognormal

assumption imposed under model A is not appropriate, the results of Table 5 indicate that the overall effect

estimates are not particularly misleading, with model A underestimating some effects and overestimating

others. Comparisons between the proposed model and those under model B help illustrate the persistent

biases that arise when one ignores heteroscedasticity. For example, from Table 5, the overall covariate effect

of Asthcopd on the change in the logarithm of the mean cost is estimated to be 0.795 under the proposed

model and 1.014 under reduced model B. This difference is remarkable because the estimated impact of

this variable in Part II are observed to be rather close (0.673 and 0.706 respectively). In other words,
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failure to adjust for heteroscedasticity (δ = −0.299 in Table 4) tends to inflate the estimated impact of

this variable. A similar pattern is observed for many other disease variables, an interesting exception being

neuropsychiatry. For neuropsychiatry patients, the estimated impact in Table 5 is somewhat higher under

the proposed model than that under model B (i.e., 2.272 versus 2.169), with estimated Part II effects for this

variable respectively being 1.530 and 1.907 and the estimated effect on heteroscedasticity being δ = 0.512

(Table 4). That is, neuropsychiatry patients tend to exhibit greater heteroscedasticity in costs; this results

in an inflated assessment of its effect in Part II but a slight decrease in its estimated impact on the overall

mean cost. More generally, we see that the 95% confidence intervals for the log mean cost obtained under

the proposed model do not overlap with those obtained under model B for 7 risk factors (and all but one of

the included interactions): infection, diabetes, affective, anxiety, HTN LIPD, Asthcopd, and age. For these

same effects, interval estimates obtained under the proposed model lie completely below those obtained

under model B, indicating that a failure to adjust for heteroscedasticity results in overestimating the impact

of each variable.

5.4. Physician-specific vs. population-averaged interpretations

The interpretations of the regression effects summarized in Tables 3 and 4 for the proposed nonlinear

mixed effects model are physician-specific, i.e., conditional on the physician-level random effects. Such

conditional summaries may be appropriate and of interest when the primary goal is to characterize the

impact of disease on both the propensity to prescribe and subsequent average level of pharmacy costs among

those receiving prescriptions after accounting for physician-specific differences (e.g., prescribing styles, risk

arrangements).

However, as explained in Section 2.3 and regardless of the magnitude of the variance components, the

interpretation of the individual model components in parts I and II are also adversely impacted by the pres-

ence of heteroscedasticity. One way of deflecting the impact that heteroscedasticity has on the interpretation

of physician-specific regression coefficients is to instead compute physician-specific measures of partial effects

and elasticity measures; see, in particular, (7) and (9). A disadvantage here is that the random effects ap-

pearing in the corresponding physician-specific quantity may lack an interpretable unit of measurement; for

example, the correlated random effects used in the proposed two-part model are measured on very different
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Table 3: Pharmacy Cost Data: Regression Parameters

Proposed model Reduced model A Reduced model B
Est SE P-value Est SE P-value Est SE P-value

Part I
Intercept 0.455 0.036 < 0.0001 0.459 0.036 < 0.0001 0.462 0.036 < 0.0001
Infection 1.383 0.024 < 0.0001 1.383 0.024 < 0.0001 1.383 0.024 < 0.0001
Diabetes 1.156 0.085 < 0.0001 1.158 0.085 < 0.0001 1.157 0.085 < 0.0001
Affective 1.294 0.107 < 0.0001 1.296 0.107 < 0.0001 1.295 0.107 < 0.0001

Neuropsychiatry 0.911 0.247 0.0003 0.900 0.246 0.0003 0.900 0.246 0.0003
Epilepsy 1.022 0.188 < 0.0001 1.009 0.187 < 0.0001 1.007 0.187 < 0.0001

HIV 0.434 0.464 0.35 0.432 0.463 < 0.0001 0.428 0.464 0.36
Anxiety 1.009 0.066 < 0.0001 1.009 0.066 < 0.0001 1.009 0.066 < 0.0001

HTN LIPD 0.935 0.037 < 0.0001 0.934 0.037 < 0.0001 0.933 0.037 < 0.0001
Heart 0.784 0.115 < 0.0001 0.776 0.115 < 0.0001 0.776 0.115 < 0.0001

Asthcopd 1.145 0.055 < 0.0001 1.147 0.055 < 0.0001 1.146 0.055 < 0.0001
Collagen 1.175 0.193 < 0.0001 1.179 0.193 < 0.0001 1.178 0.193 < 0.0001

Patient Age in 10 yrs 0.202 0.008 < 0.0001 0.202 0.008 < 0.0001 0.202 0.008 < 0.0001
Male Physician -0.286 0.043 < 0.0001 -0.290 0.043 < 0.0001 -0.293 0.043 < 0.0001

Diabetes * HTN LIPD -0.521 0.153 0.0008 -0.524 0.153 0.0007 -0.524 0.153 < 0.0001
Heart * HTN LIPD -0.263 0.172 0.13 -0.253 0.172 0.14 -0.251 0.172 0.15
Heart * Diabetes -0.603 0.250 0.02 -0.595 0.251 0.02 -0.594 0.251 0.02

Affective * Anxiety -0.673 0.213 0.002 -0.675 0.213 0.002 -0.676 0.213 0.002
Part II

Intercept 5.153 0.029 < 0.0001 4.627 0.031 < 0.0001 5.113 0.030 < 0.0001
Infection 0.324 0.014 < 0.0001 0.371 0.015 < 0.0001 0.306 0.014 < 0.0001
Diabetes 1.097 0.031 < 0.0001 1.192 0.035 < 0.0001 1.085 0.037 < 0.0001
Affective 1.284 0.035 < 0.0001 1.370 0.040 < 0.0001 1.334 0.042 < 0.0001

Neuropsychiatry 1.530 0.116 < 0.0001 1.488 0.124 < 0.0001 1.907 0.096 < 0.0001
Epilepsy 0.930 0.064 < 0.0001 0.997 0.071 < 0.0001 1.044 0.075 < 0.0001

HIV 2.096 0.218 < 0.0001 2.094 0.239 < 0.0001 2.310 0.209 < 0.0001
Anxiety 0.791 0.029 < 0.0001 0.843 0.032 < 0.0001 0.833 0.031 < 0.0001

HTN LIPD 0.658 0.017 < 0.0001 0.717 0.019 < 0.0001 0.638 0.019 < 0.0001
Heart 0.751 0.046 < 0.0001 0.799 0.050 < 0.0001 0.776 0.051 < 0.0001

Asthcopd 0.673 0.019 < 0.0001 0.764 0.021 < 0.0001 0.706 0.022 < 0.0001
Collagen 1.234 0.060 < 0.0001 1.287 0.066 < 0.0001 1.336 0.067 < 0.0001

Patient Age in 10 yrs 0.364 0.006 < 0.0001 0.376 0.006 < 0.0001 0.366 0.006 < 0.0001
Male Physician -0.178 0.032 < 0.0001 -0.197 0.036 < 0.0001 -0.186 0.033 < 0.0001

Diabetes * HTN LIPD -0.382 0.045 < 0.0001 -0.415 0.051 < 0.0001 -0.364 0.057 < 0.0001
Heart * HTN LIPD -0.253 0.055 < 0.0001 -0.262 0.061 < 0.0001 -0.270 0.066 < 0.0001
Heart * Diabetes -0.176 0.062 0.005 -0.187 0.071 0.009 -0.165 0.083 0.05

Affective * Anxiety -0.607 0.064 < 0.0001 -0.622 0.070 < 0.0001 -0.677 0.077 < 0.0001
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Table 4: Pharmacy Cost Data: Heteroscedasticity and Variance Components

Proposed model Reduced model A Reduced model B
Est SE P-value Est SE P-value Est SE P-value

Heteroscedasticity
Intercept 0.896 0.016 < 0.0001 1.060 0.015 < 0.0001
Infection -0.163 0.015 < 0.0001 -0.180 0.014 < 0.0001
Diabetes -0.452 0.039 < 0.0001 -0.332 0.037 < 0.0001
Affective -0.329 0.044 < 0.0001 -0.231 0.042 < 0.0001

Neuropsychiatry 0.512 0.101 < 0.0001 0.490 0.096 < 0.0001
Epilepsy -0.213 0.078 0.007 -0.137 0.075 0.07

HIV 0.185 0.215 0.39 0.256 0.207 0.22
Anxiety -0.169 0.032 < 0.0001 -0.071 0.031 0.02

HTN LIPD -0.316 0.020 < 0.0001 -0.196 0.018 < 0.0001
Heart -0.147 0.052 0.005 -0.158 0.049 0.002

Asthcopd -0.299 0.023 < 0.0001 -0.253 0.022 < 0.0001
Collagen -0.116 0.071 0.10 -0.081 0.067 0.23

Patient Age in 10 yrs -0.064 0.006 < 0.0001 -0.018 0.006 0.002
Male Physician 0.039 0.016 0.01 0.016 0.015 0.28

Diabetes * HTN LIPD 0.156 0.060 0.01 0.094 0.057 0.10
Heart * HTN LIPD -0.039 0.068 0.57 -0.018 0.065 0.78
Heart * Diabetes 0.062 0.087 0.47 0.031 0.083 0.71

Affective * Anxiety 0.031 0.080 0.70 -0.137 0.077 0.08
Variance Components

d11 0.045 0.008 < 0.0001 0.045 0.008 < 0.0001 0.045 0.008 < 0.0001
d22 0.030 0.005 < 0.0001 0.038 0.006 < 0.0001 0.032 0.005 < 0.0001
d12 0.024 0.005 < 0.0001 0.029 0.005 < 0.0001 0.025 0.005 < 0.0001

κ 0.634 0.012 < 0.0001 0.569 0.012 < 0.0001

The estimate of σ obtained under reduced model B is 1.427 (SE=0.006). The regression coefficients in the heteroscedas-
ticity model are all zero under reduced model B; hence, no values are reported. Reduced model A, which allows for
heteroscedasticity, is obtained as a limiting case of the proposed model (i.e., at κ = 0); hence, no value is reported.

Table 5: Pharmacy Cost Data: Overall Covariate Effect (95% CI) on Logarithm of Mean Cost

Proposed model Reduced model A Reduced model B Marginal model
Infection 0.561 (0.525, 0.597) 0.479 (0.427, 0.531) 0.651 (0.616, 0.686) 0.570 (0.524, 0.608)

Neuropsychiatry 2.272 (1.972, 2.572) 2.663 (2.152, 3.174) 2.169 (1.956, 2.382) 2.258 (2.035, 2.545)
Epilepsy 1.079 (0.925, 1.233) 1.097 (0.857, 1.337) 1.327 (1.165, 1.489) 1.089 (0.923, 1.249)

HIV 2.390 (1.827, 2.953) 2.662 (1.736, 3.588) 2.455 (1.964, 2.946) 2.488 (1.693, 3.127)
Asthcopd 0.795 (0.747, 0.843) 0.750 (0.680, 0.820) 1.014 (0.964, 1.064) 0.784 (0.729, 0.833)
Collagen 1.469 (1.323, 1.615) 1.489 (1.263, 1.715) 1.650 (1.504, 1.796) 1.461 (1.325, 1.623)

Male Physician -0.270 (-0.355, -0.185) -0.296 (-0.397, -0.195) -0.310 (-0.396, -0.224) -0.244 (-0.325, -0.181)
Patient Age in 10 yrs 0.390 (0.377, 0.403) 0.420 (0.400, 0.440) 0.435 (0.422, 0.448) 0.395 (0.377, 0.410)

Diabetes 1.145 (1.073, 1.217) 1.095 (0.988, 1.202) 1.395 (1.315, 1.475) 1.149 (1.069, 1.236)
Affective 1.414 (1.331, 1.497) 1.405 (1.278, 1.532) 1.666 (1.577, 1.755) 1.409 (1.307, 1.515)
Anxiety 0.964 (0.896, 1.032) 1.027 (0.921, 1.133) 1.117 (1.050, 1.184) 0.971 (0.903, 1.028)

HTN LIPD 0.732 (0.690, 0.774) 0.730 (0.667, 0.793) 0.907 (0.864, 0.950) 0.734 (0.684, 0.780)
Heart 0.890 (0.780, 1.000) 0.824 (0.662, 0.986) 1.011 (0.899, 1.123) 0.907 (0.764, 1.072)

Diabetes + HTN LIPD 1.410 (1.329, 1.491) 1.352 (1.228, 1.475) 1.723 (1.626, 1.819) 1.414 (1.336, 1.500)
Heart + HTN LIPD 1.224 (1.135, 1.313) 1.158 (1.022, 1.293) 1.497 (1.394, 1.599) 1.229 (1.131, 1.323)
Diabetes + Heart 1.709 (1.557, 1.860) 1.609 (1.386, 1.832) 2.032 (1.854, 2.210) 1.751 (1.561, 1.937)
Affect + Anxiety 1.571 (1.466, 1.676) 1.451 (1.299, 1.603) 1.860 (1.737, 1.982) 1.565 (1.457, 1.676)

The parameter estimates for the proposed model and reduced models involve averaging over the random effects and
are computed using numerical integration; this is not required for the marginal model of Section 2.4. The numbers in
parentheses are 95% confidence intervals. In light of the small magnitude of the variance component d11 = 0.045, the
point estimates derived from the random effects models are close to those obtained by conditioning on the random effect
a = 0; thus, for computational simplicity, the corresponding confidence intervals are calculated conditionally on a = 0
and obtained using the estimate statement in SAS Proc NLMIXED. The confidence intervals for the marginal model are
obtained using a cluster bootstrap sampling scheme with 600 resampled datasets.
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scales. Thus, while the random effects structure remains a useful device for capturing sources of dependence

(see Section 6 for further elaboration on its utility), it may be challenging to specify meaningful pairs of

random effects for the purposes of comparison and reporting conditional partial effects.

Averaging the physician-specific estimates of partial effect in (7) and (9) over the distribution of random

effects, as was done for Table 5, leads to partial effect estimates with a population-averaged interpretation.

This point of view is frequently preferred in economic evaluation (c.f. Wooldridge, 2002, Sec. 2.2.5) and is

appropriate for settings where the goal is to identify the overall influence of disease on cost from a policy or

societal perspective. The marginal two-part model of Section 2.4 provides an alternative route for obtaining

such effect estimates. As suggested by Tables 2 and 5, the proposed model can be expected to lead to more

precise estimates of effect, especially so in settings where the cluster-level contributions to variability are

not small. In the present example, the similarity of the point estimates is a consequence of the fact that

the overall magnitude of the variance components is small. Specifically, in the data analysis, we estimated

σ2
a = d11 to be 0.045, σ2

b = d22 to be 0.03, and ρ = d12/(σaσb) to be 0.653. Evaluating the bounds for

(10) in Section 2.4, the corresponding relative error is between 0.96 and 1.14. In other words, were we to

substitute the parameter estimates of Tables 3 and 4 into the marginal two-part mean model described in

Section 2.4, the resulting predicted mean cost would lie within -4% and 14% of the actual mean prediction

that would have been obtained by marginalizing the random effects model, no matter what the covariates.

Such insensitivity helps to explain the similarities observed between the point estimates in Table 5 obtained

under the proposed and marginal two-part models.

6. Discussion

In this paper, we propose a random effects two-part model for clustered semi-continuous response data, the

primary novelties being the use of the very flexible generalized gamma regression model and the incorporation

of heteroscedasticity into Part II of the model. Our proposed model simultaneously takes into account the

presence of true zeros, right-skewness and and heteroscedasticity of positive response values. It further

permits cluster-level correlation between the odds of observing a positive response and the actual level of this

response. The resulting model encompasses a substantial subset of the parametric models for semicontinuous

data previously proposed in the literature, providing a useful framework in which competing models can be
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evaluated. Estimation is conveniently implemented in SAS Proc NLMIXED, with Gaussian quadrature

techniques used for estimation. Our simulation results demonstrate the importance of using a Part II model

capable of handling a variety of distributional shapes as well as the impact that unrecognized heterogeneity

can have on the quality of estimation.

As suggested by the discussions of Sections 2.4 and 5.4, the inclusion of random effects in regression

models may lead to regression coefficients whose subject-specific interpretation may not always be desirable

from a policy perspective. However, it is always possible to derive estimates from a random effects model

that have a population-averaged interpretation. In addition, the inclusion of random effects in regression

models can still provide helpful insights when developing and evaluating health care policy. Random effects

can be used to characterize the relative amount of variability attributable to the cluster unit; while this

unit is the physician in our study, the clustering unit could conceivably exist at a higher level, such as

managed care organizations or pharmacy benefit managers. Methods for managing pharmacy costs might

be emphasized or expanded depending on this information. For example, a relatively large cluster effect

might encourage policy makers to focus interventions on the clustering unit, such as expanding pay-for-

performance programs or changing the pharmacy benefit design to encourage patients to either switch from

high- to low-cost providers or leave low-performing providers for high-performing providers. Smaller cluster

effects, as observed in the present example, might instead suggest that these interventions have only a modest

impact on costs, and therefore more emphasis should be given to patient-level interventions such as disease

management programs, further formulary restrictions or higher levels of cost-sharing. Another motivation

for estimating the random effects explicitly is to generate rankings of the clustering units that could be used

to distribute cluster-level incentives (e.g., Cowen and Strawderman, 2002; Zhang et al. 2006), or to conduct

qualitative investigations to identify unknown cluster-level characteristics that might explain the differences

between higher versus lower tiered performers. In the context of two-part models, the inclusion of random

effects not only allows for modeling clustering effect, but introduces a sensible mechanism for modeling

the cross-part correlation. For example, if the correlation is positive in a two-part model for the costs of

pharmaceuticals, this suggests that an intervention targeted at reducing the likelihood to use prescription

drugs will also tend to reduce the consumption of drugs among the users. In contrast, a model that ignores
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the cross-part correlation and estimates Parts I and II separately (e.g., a marginal two-part model) may also

underestimate the corresponding impact of the intervention.

The model considered in this paper is motivated by a pharmacy cost dataset, with physician representing

the unit of clustering. It is easily transferable to other pharmacy-related economic analyses, where clustering

occurs within different managed care organizations, pharmacy benefit managers or Medicare Part D plans.

The model can also be used in other utilization-based analyses, such as in analyses of elective surgery costs

that reflect both the variability among a surgeon’s threshold for performing a given procedure and the

variability in costs associated with operative and post-operative care. In principle, it is straightforward

to extend the proposed model to the multi-level setting, e.g., patients clustered within physicians who are

further clustered within hospitals or physician networks; see, for example, Liu, Ma and Johnson (2008),

who proposed a multi-level two-part random effects model using a log-normal distribution for Part II in

the analysis of data from an alcohol dependence study. Another useful direction for extension includes

the analysis of longitudinal cost data, in which costs are accumulated at different time intervals that are

correlated for the same subject. For example, Cooper et al. (2007) studied the prediction of costs due to

disease accrued over time, using Bayesian Markov Chain Monte Carlo methods. They applied their method

to repeated measures of annual medical cost of early inflammatory polyarthritis. Liu, Conaway, Knaus, and

Bergin (2008) proposed a four-part random effects model for analyzing longitudinal monthly medical costs

of heart failure patients, further separating outpatient and inpatient costs, as in Duan et al. (1983).
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Appendix

Adaptive Gaussian quadrature:

L(α, β, δ,D) =
n∏

i=1

Li(α, β, δ,D),

where Li(α, β, δ,D) denotes the contribution of cluster i (i.e., for the data Oi). This computation requires

that we be able to compute the following functions of α, β, δ, and D :

Li(α, β, δ,D) ∝
∫

exp(l1(ri) + l2(ri))p(ri)dri.

Suppose we want to maximize the following likelihood

Li =
∫ ni∏

j=1

f(yij |Xij , ai)p(ai)dai

where ai is the random effect with density p(·). Li can be approximated by a weighted average of the

integrand assessed at Q pre-specified quadrature points uq (q = 1, 2, · · · , Q) over the random effects ai

(Pinheiro and Bates 1995, Liu and Pierce 1994), i.e.,

Li ≈
Q∑

q=1

ni∏

j=1

f(yij |Xij , uq)p(uq)wq

with uq =
√

2zq and wq =
√

2ηq exp(z2
q ), where ηq and zq can be obtained from tables (Abramowitz and

Stegun 1972) or algorithms (Golub and Welsch 1969).

The implementation of Gaussian quadrature techniques has been incorporated in SAS Proc NLMIXED

(Littell et al. 2006). For our model, a general log likelihood function composed by SAS programming

statements can be conveniently specified and maximized, by option “general” in the “Model” statement in

Proc NLMIXED. A sample SAS code is shown below.

In this dataset, “cost” is the response variable, “anycost” is the indicator of cost being positive, “z”

is the only covariate, “id” is the physician ID. Random effects “a” and “b” are present in parts I and II,

respectively.
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Example SAS code:

/* Invoke proc nlmixed using adaptive GQ with qpoints=5 nodes */
proc nlmixed data=cost qpoints=5;

/* define initial values and bounds */
parms alpha0=-1 alpha1=1 beta0=1 beta1=1 delta0=1 delta1=2 var1=1
var2=1 cov12=.5 k=2;
bounds var1 var2 >=0;

/* Part I log-likelihood */
teta=alpha0 + a + alpha1 * z;
expteta=exp(teta);
p=expteta / (1+expteta);
if anycost=0 then loglik=log(1-p);

/* Part II log-likelihood */
if anycost=1 then do;

mu=beta0 + b + beta1 * z ; /* Mean of gen. gamma dist. */
sigma=exp((delta0 + delta1 *z)/2); /* Scale of gen. gamma dist. */
eta=abs(k) ** (-2);
u=sign(k)*(log(cost)-mu)/sigma;
value1=eta *log (eta) - log(sigma) -.5 * log(eta) - lgamma(eta);
loglik=log(p) + value1 + u *sqrt(eta) - eta * exp(abs(k)* u);

end;

/* fit the model above */
model cost ~ general(loglik);
random a b ~ normal([0, 0], [var1, cov12, var2]) subject=id;

/* generate empirical Bayes estimates for random effects
and store them in SAS datasets data1 and data2; */

predict a out=data1;
predict b out=data2;
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run;
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I. Introduction 

 There is an ongoing debate among economists about the economic causes of obesity, in 

particular the relative importance of diet and exercise. Some empirical work focuses on the rise 

in the relative price of physical activity (Michael Pratt et al., 2004, R. Sturm, 2005) both because 

physical activity has become less a part of daily activities and because the value of time has risen 

with income. Others point out the drop in the relative price of calories (S. Y. Chou et al., 2004, 

D. M. Cutler et al., 2003, A. Drewnowski and N. Darmon, 2005, Fred Kuchler et al., 2004, 

Christiane Schroeter et al., 2008) due to higher supply from agricultural innovations and 

improvements in the preserving, packaging, preparation, and transportation of food. Others 

model the change in both relative prices of physical activity and caloric intake (J. Cawley, 2004, 

D. Lakdawalla et al., 2005, T. J. Philipson and R. A. Posner, 2003, I. Rashad and M. Grossman, 

2004, Inas Rashad, 2006). However, none of these economic studies have come up with 

definitive quantifications of the contribution of each of the changes in diet, physical activity 

while controlling for weight-related health behaviors like smoking and drinking. Part of the 

difficulty stems from the lack of longitudinal individual-level data. These do not allow for an 

empirical examination of the forces contributing to weight gain over time. Clinical studies, on 

the other hand, tend to focus specifically only on one factor at a time (S. E. Brien et al., 2007, C. 

Barr Taylor et al., 1994), and so cannot resolve the debate. 

Understanding which affects weight gain more ― diet or physical activity ― has great 

implications for both public policy and for individuals.  For policy, it would help us understand 

whether public policies such as taxing fat, subsidizing vegetables, and promoting green spaces 

would be effective. For those who want to manage or lower their weight, it would help 

understand where to focus their efforts.  

At first glance, modeling an individual’s weight change appears straightforward: define 

the number of calories consumed and expended, and determine the resulting trends in weight 

gain. However, the complex relationships among physical activity, diet, drinking, smoking, and 

weight change are lost in a simplistic formulation of weight change (M. S. Moore, 2000, Andrew 

M. Prentice and Susan A. Jebb, 2004), which results in endogeneity problems.  

One source of endogeneity is reverse causality ― lower physical activity and increased 

sedentary behaviors among those who are heavy may be the consequence of being heavy (e.g., 

social stigma, being shunned from sports). Similarly, it is possible that people consume more (as 
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a coping mechanism) in reaction to being marginalized due to their girth. A second related form 

of endogeneity is due to simultaneity bias, when limited physical activity due to marginalization 

or eating to cope also cause weight gain. The third source of endogeneity is due to omitted 

variable bias or unobserved heterogeneity that arises when omitted variables (such as genetic 

endowments) are correlated with both an included explanatory variables and weight. For 

example, someone might both be heavy and have low physical activity levels due to their 

medical condition. If a measurement of this condition is not included in the model, the estimates 

for the coefficient of physical activity on weight will be biased upwards.  

Therefore, it is necessary to correct for reverse causality, simultaneity bias, and omitted 

variable bias. Past studies typically only look at the relationships between physical activity and 

weight, and diet and weight separately, without considering the endogenous decisions of 

contemporaneous and lagged diet, physical activities, smoking and drinking on weight. 

Moreover, calories from fat versus calories from carbohydrates or proteins might affect weight 

change differently (W. C. Miller et al., 1990, W. W. Tryon, 1987), and diet, physical activity, 

smoking and drinking combined can interact to affect weight (A. Astrup, 1999, Robert C. 

Klesges et al., 1989). For example, people with low physical activity levels but high fat intake 

have slower metabolisms, which results in greater weight gain (G. A. Bray and B. M. Popkin, 

1998), particularly for people in developing countries who might have experienced 

undernutrition during prenatal and postnatal growth (A. Roberto Frisancho, 2003, W. P. James 

and A. Ralph, 1999). Smoking has also been found to affect both the metabolic mechanism and 

food preferences, and thus affect weight (Robert C. Klesges, Andrew W. Meyers, Lisa M. 

Klesges and Marie E. LaVasque, 1989). If the endogeneity is not corrected, the results will be 

inconsistent.  

To account for potential endogeneity, economists often employ instrumental variable 

(IV) techniques, longitudinal fixed effects (FE) models or combine both these approaches (IV-

FE). These methods have the potential to generate consistent estimates if reliable instruments are 

identified. Beyond the issue of endogeneity however, there is the added complexity of 

autocorrelation due to the serial correlations of diet, physical activities, smoking and drinking 

decisions, and because past weight will be associated with current weight. Therefore, if the 

correlation of weight over time is not controlled for, then the estimated effect of past weight will 

tend to be too large as well as inefficient (large standard errors). 
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We estimate the relative importance of the diet, physical activity, and the health 

behaviors of smoking and drinking with regards to weight gain among adult men over a period of 

rapid economic growth in China by employing two strategies. First, we use a model that 

explicitly includes time and spatially varying macro-level factors such as urbanization and prices 

to be used as instruments to correct for the endogenous micro-level choices of diet, physical 

activity and other health behaviors that affect weight change over time. Second, we apply a 

dynamic panel system generalized methods of moments (GMM) model estimation model, which 

allows current weight to depend on prior weight and endogenous decisions about physical diet, 

drinking, smoking and physical activity. This estimation approach uses statistical methods that 

control for the endogeneity problems and for temporal autocorrelation.  

 We estimate our dynamic panel model using a GMM estimator developed by (Richard 

Blundell and Stephen Bond, 1998) that exploits a large set of moment conditions and combines 

in a system, the regression-in-differences with the regression-in-levels. We provide a comparison 

of these results to those derived from usual reduced form, instrumental variable (IV) and 

instrumental variables with fixed effects (IV-FE) models to show how the failure to correct for 

endogeneity bias and autocorrelation can affect the findings.  The coefficients from the dynamic 

model will show the relative strength of changes in diet and physical activity in weight change, 

and these results can be combined with known changes in types of diet and levels of physical 

activity to show which factors affected weight gain the most, at least among adult men in China.  

We use six waves of the longitudinal China Health and Nutrition Surveys (CHNS) that contain 

detailed individual-level data on anthropometrics, dietary consumption, energy expenditure, as 

well as time varying community measures of urbanization and prices that can be used as 

instrumental variables for potentially endogenous variables. We found that declines in physical 

activities and increases in fat as a proportion of people’s diet are positively associated with 

weight gain, and the coefficients from the GMM model are slightly larger and significant 

compared to reduced form, IV or IV-FE models. In addition, 30% of observed weight gain 

among adult men in China from 1991 to 2006 was due to declines in physical activity, while 

20% was due to higher fat intake. 

China’s growing epidemic of overweight and obesity, risk markers for a large number of 

chronic diseases, will have severe consequences on its economic productivity and will become a 

significant healthcare burden. It is estimated that the total direct (healthcare) and indirect 
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(disability, mortality, and morbidity) cost of overweight and related diseases was 3.5% of 

China’s gross national product (GNP) in 2000, but will grow to almost 9% by 2025 (B. M. 

Popkin et al., 2006).  

II. Modeling the dynamics and determinants of weight change 

A theoretical model provides guidance for the empirical model on which variables are 

endogenous and which other variables are potential instruments. Our theoretical model is based 

on work by others (J. Cawley, 2004, S. Y. Chou, M. Grossman and H. Saffer, 2004, A. 

Drewnowski and N. Darmon, 2005, D. Lakdawalla, T.J. Philipson and J. Bhattacharya, 2005, I. 

Rashad and M. Grossman, 2004).  

 

A. Dynamics of weight change 

An individual’s utility in the current period, t, depends on food consumption, F, other 

consumption, C, and current weight, W.  Utility U increases with consumption of food and other 

things, but is increasing in weight only if current weight is less than ideal weight, Ẅ. Otherwise 

utility declines with weight. The marginal utility of eating decreases as weight exceeds ideal 

weight, because eating increases weight. 

Because this model focuses on weight, we conceptualize food consumption simply as 

caloric intake, including calories from alcohol. Two other behaviors affect weight gain ⎯ 

physical activity, A, and smoking, S. Neither affects utility directly.  Instead, physical activity 

and smoking are determinants of weight and affect utility indirectly through weight. An 

individual’s physical activity level depends on the level of development, D, where she lives, such 

that At = A(Dt). 

In this dynamic problem, weight, W, is the state variable. Weight is a capital stock that 

depreciates at rate 1−δ (where δ can be thought of as basal metabolism). Weight increases 

through consumption of food and alcohol, and decreases with physical activity and smoking. 

Thus, an individual’s weight at time t, depends on prior weight, food and alcohol consumption F, 

smoking S, and physical activity level A:  

(1)    ))(,,()1( 1111 −−−− +−= ttttt DASFgWW δ ,    

where δ < 1 and g is continuous, concave, increasing in food or alcohol consumption, decreasing 

in physical activity level, and decreasing in smoking level (gF ≥ 0, gA ≤ 0 and gS ≤ 0 ).  
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Individuals are subject to a budget constraint each period: pFF + pSS + pcC ≤ I, where pF, 

pS and pc are the prices of food (including alcohol), cigarettes, and other consumption goods 

respectively, and I is income. When maximizing utility, an individual chooses Ft-1, St-1, and At-1 

simultaneously. These choices are endogenous to each other because of implicit tradeoffs in 

terms of time and money spent on each.  In addition, the choice variables are autocorrelated 

because of habit formation, addiction (especially smoking and alcohol), unobserved preferences, 

genetics, and shared environmental factors.  This suggests that it is important to control for the 

endogeneity bias from diet, smoking, and physical activities choices on weight, and for the serial 

correlation of these decisions over time.   

 

B. Steady State Determinants of Weight, Diet, Smoking and Physical Activity 

 This dynamic maximization problem yields a unique steady-state in weight, food 

consumption, smoking, physical activity and weight (see the Appendix) determined by income, I, 

food (and alcohol) prices, pF, cigarette price, pS, and urbanization, D, such that W*(I, pF, pS, D), 

F*(I, pF, pS, D), S*(I, pF, pS, D), A*(I, pF, pS, D). If these factors are exogenous to weight, diet, 

smoking, and physical activity, and vary over space and time, then they would make ideal 

instruments to correct for endogeneity and autocorrelation. 

 Increases in income raise weight at low levels of income, but at high levels of income, 

further increases could lower weight (i.e., WI
* has an inverted U-shape). An increase in income 

lowers the marginal cost of spending on weight gain (food and alcohol consumption), but also 

affects the marginal value of weight. Income is also related to one’s physical activity level, 

because A is a function of job characteristics. In a country like China, those who are poor 

generally have jobs that require greater physical activity, so we assume that AI <0. For people 

who are underweight, a rise in income will typically increase weight both through greater food 

consumption and less physical activity on the job.  For people who are overweight, an increase in 

income may eventually lead to enough resources to reduce their weight. 

 Increasing the price of food and alcohol, pF, raises the marginal cost of caloric intake, so 

food and alcohol consumption decreases, so that FpF
*(I, pF, pS, D) < 0. The decrease in food and 

alcohol consumption will also lower weight, so that WpF
*(I, pF, pS, D) < 0. Increasing the price of 

cigarettes, pS, decreases smoking (i.e., SpS
*(I, pF, pS, D) < 0), which may alter metabolic 

mechanisms that results in weight gain (Robert C. Klesges, Andrew W. Meyers, Lisa M. Klesges 
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and Marie E. LaVasque, 1989), so that WpS
*(I, pF, pS, D) > 0. Hence, prices are important 

determinants of weight change and are exogenous factors that need to be included in any 

structural modeling of weight change. 

 Community-level urbanization, D is exogenous to individual choice assuming that people 

who move do not do so based primarily on these community-level characteristics. Development 

affects prices of food, cigarettes, other consumption goods, and income, such that increased 

development lower prices and raise incomes. Hence it can be thought of as an argument for pF, 

pS and I. Using chain rule, the effect of urbanization on food consumption, smoking and physical 

activity levels are FD
*>0, SD

*>0 and AD
*<0. Urbanization lowers physical activity at work, access 

to technologies that aid work and domestic activities, and the availability of motorized 

transportation. Also, one would expect urbanization at the community-level to reduce food and 

cigarette prices through lowering transportation costs, and lessening the time involved in 

purchasing these items. 

 We expect past caloric intake, dietary fat intake, and alcohol consumption to be 

positively related to current weight, and past levels of physical activity and smoking levels to be 

negatively related to current weight. Moreover, past clinical studies suggest that physical activity 

may be more important than diet in weight control (A. C. King et al., 1989) due to relative ease 

of communicating its benefits, and the resultant metabolic effects on lipid mobilization, 

oxidation and biochemical changes, which help improved regulation of body weight (W. H. 

Saris, 1998). Therefore, if past diet measures and physical activity factors are statistically 

significant in explaining weight, we can determine the relative contribution of each of these, and 

hence inform on public policy and individual choices. 

 

III. Empirical Modeling 

 The dynamic empirical model that relates weight to its own lagged value along with 

lagged food (and alcohol) consumption, lagged physical activity, and lagged smoking status 

takes the following form:  

(2)   ,1,1,1,1, itiittitititiit XASFWW μηπγθβα ++++++= −−−−  

where Wit denotes weight in the current wave t for individual i; Wi,t-1 denotes weight in the prior 

wave for individual i; Fi,t-1 denote lagged values of three dietary consumption variables: total 
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caloric intake, energy from dietary fat and drinking status; S i,t-1 denote lagged smoking status; 

Ai,t-1 denote lagged total physical activities; Xit denotes other control variables such as age, 

marital status, educational attainment, predicted household income and time dummies; α, β, θ, γ 

and π denote the vectors of coefficients for the explanatory variables; ηi denotes unobserved time 

invariant individual characteristics, and μit denotes a time varying disturbance term. 

 We expect βkcal, βefat and βdrink (the coefficients for lagged caloric intake, lagged energy 

from dietary fat and lagged current drinking status) to be positively related to Wit ; θ (the 

coefficient for lagged current smoking status) to be negatively related to Wit; and γ (the 

coefficient for lagged physical activity) to be negatively related to Wit. If we find that βkcal , βefat , 

βdrink , θ  and γ to be statistically significant, then it we can determine the contribution of caloric 

intake, dietary fat intake, drinking, smoking and physical activity in determining weight gain and 

from that tell which of these are the most important in affecting weight gain.  

 To determine the type of estimation method to use, it is important to discuss the 

assumptions made about: 

1) The correlation between explanatory variables and ηi 

2) Autocorrelation: correlation in the time varying error terms over time (e.g., corr(μi,t-1, μit)) 

3) The type of correlation between the explanatory variables and μit , μit-1 or μit+1 

 It is clear from the dynamic form of the stochastic model that at a minimum lagged 

weight will be correlated with ηi, the time invariant error term and it is also highly likely that 

there will be overlap in the set of unobserved fixed characteristics of the individuals that affect 

weight, diet, physical activity, smoking and drinking that will cause correlation between ηi and 

these variables as well. First differencing will drop ηi along with all time invariant observed 

variables from the model:   

(3)   itittitititiit XASFWW μπγθβα Δ+Δ+Δ+Δ+Δ+Δ=Δ −−−− 1,1,1,1, . 

 We assume that the time-varying error is not correlated with the explanatory variables, 

which means that in differenced form food and alcohol conusmption, smoking, and physical 

activity, are uncorrelated with the error term in equation (3). Differenced weight may still be 

correlated with the differenced error term. However, Wi,t-2 will not be, and can therefore be used 

as an instrument. 

 This instrumental variables estimation in differences tends to yield imprecise parameter 

estimates if α is large (Cesar Alonso-Borrego and Manuel Arellano, 1999, Richard Blundell and 
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Stephen Bond, 1998). An alternative (Richard Blundell and Stephen Bond, 1998) is to estimate 

the model in levels, with ΔWi,t-2 used as an instrument for Wi,t-1 in equation (2). This method, of 

course, must assume that there is no correlation between the other explanatory variables and 

either the time invariant or time varying error term. A more efficient method estimator, (Richard 

Blundell and Stephen Bond, 1998) would jointly estimate equations (2) and (3) using a system 

GMM approach.  

 As already noted, it is highly likely that there will be correlation between diet, physical 

activity, smoking, and drinking and the time invariant error and so instruments are needed for 

these variables in addition to lagged weight in equation (2). It is also possible that there will be 

correlation between these variables and the time varying error term, meaning that instruments 

may be needed for these variables even in differenced form in equation (3). Autocorrelation in 

the time varying error could also invalidate Wi,t-2 as an instrument in equation (3). 

 Separate instrument sets must be specified for equations (2) and (3) in the system GMM 

approach, and we discuss these sets further below. Cameron and Trivedi (2005) discuss the large 

set of instruments that are potentially available in dynamic panel models and a series of papers 

provide information on efficient estimation strategies for these models (Manuel Arellano and 

Stephen Bond, 1998, Richard  Blundell et al., 2000, Richard Blundell and Stephen Bond, 2000, 

Stephen R. Bond, 2002). Fortunately, our data set includes lagged measures of various 

dimensions of urbanization and real price of consumption items that can be used to help provide 

identification, which will be discussed later. 

 We estimate robust standard errors using the two-step version of the Arellano-Bond 

system estimator (the one-step version uses a weighted matrix that does not depend on estimated 

parameters, while the two-step estimator may result in efficiency gains although the asymptotical 

distribution approximations may be less reliable due to the dependence of the two-step weighted 

matrix on estimated parameters) with a finite-sample correction (Frank Windmeijer, 2005) using 

the xtabond2 procedure in Stata (David Roodman, 2003).  We also perform two specification 

tests.  First, we test for the presence of second-order autocorrelation in the differenced equation. 

Note that first-order autocorrelation in the differenced equation is expected and does not signify 

an improper model specification. Second, we test for the exogeneity of the instruments using 

Sargan-Hansen’s J-test, which is robust to heteroskedasticity and autocorrelation, and is 

asymptotically distributed as χ2 in the number of restrictions.  
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 This dynamic panel approach has been used in studies where both autocorrelation and 

endogeneity are of potential concern, including financial and investment economics (Kai 

Carstensen and Farid Toubal, 2004, C. Y-J.  Horioka and J-M. Wan, 2006), environmental 

economics (F. Arbués et al., 2004), health care organization (T.T. Brown et al., 2006, Barbara A. 

Mark et al., 2004) and the health-wealth relationship (Pierre-Carl Michaud and Arthur van Soest, 

2008). For the empirical question of weight over time, the system GMM dynamic panel approach 

is ideal. This is the first paper to our knowledge to use it because it requires at least two 

consecutive waves of panel data (depending on the exact specification) and a large number of 

observations in each wave. We have six waves of 4,180 unique men, or 1,381 to 2,014 

observations per wave. The results are also straightforward to interpret (in the same manner as 

with regression results). 

 Finally, we compare our two-step system GMM estimator to simple estimators to see 

how the results differ.  First, we estimate a random effects model that does not control for the 

correlation between the explanatory variables and the disturbance terms.  We refer to this method 

as exogenous regressor model ― we expect the results of this estimation to be badly biased for 

the reasons laid out above.  Second, we apply an instrumental variables estimator to equation 

(2).  Third, we use an instrumental variables estimator with fixed effects (IV-FE) without Wi,t-1 in 

the model to control for both endogeniety and individual unobservable factors. We expect these 

two IV and IV-FE estimators to provide consistent parameter estimates but these estimators 

should be less efficient than the two-step system GMM estimator. 

 

IV. Data 

 This paper used comprehensive longitudinal data from the six most recent waves (1991, 

1993, 1997, 2000, 2004 and 2006) of the China Health and Nutrition Survey (CHNS) on male 

adults (18 to 55 years old) interviewed during any of the survey waves. The CHNS were 

conducted in nine diverse provinces (Guangxi, Guizhou, Heilongjiang, Henan, Hubei, Hunan, 

Jiangsu, Liaoning, and Shandong) of China, and contains detailed individual-level information 

on income, diet, health and demography for all members of sampled households as well as 

detailed community level data on infrastructure, public services and facilities. A multistage, 

random cluster process was used to draw the sample surveyed in each of the provinces. Counties 

in the nine provinces were stratified by income and a weighted sampling scheme was used to 
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randomly select four counties in each province. Villages and townships within the counties and 

urban and suburban neighborhoods within the cities were selected randomly into primary 

sampling units (PSUs). The same households were surveyed over time as best possible and 

newly formed households began to be surveyed in 1993. After we limited the data to men 

between 18 and 55 years old and who were not disabled during a particular wave there were 

16,883 person-wave observations made up by 10,935 men. 

--- Table 1 about here --- 

 Of these, only 4,180 men had at least two consecutive waves of data, making up 8,645 

observations (Table 1). Some of the loss of observations was due to the fact that those whose 

first survey was conducted in 2006 were not included in the analytic sample (850 observations 

made up of 643 men). In addition, Liaoning province was dropped from the survey and replaced 

by Heilongjiang province in 1997 (Heilongjiang was kept in henceforth) due to flooding in 

Liaoning that year. This meant that observations from adult men in Liaoning who were first 

collected in 1993 would not have made it to the analytic sample due to the missing data for 1997. 

Also, the 1991 and 1993 Heilongjiang sample did not exist. 

 Beyond these factors, there was also loss to follow up. To test whether attrition was 

systematic, we ran a Heckman selection model (James J. Heckman, 1979). This two-stage 

estimation was based on whether an individual had two or more consecutive waves of data using 

observed exogenous characteristics (community urbanization measures, prices, province, time, 

age, marital status, education attainment and predicted household income) in their first wave, and 

the last observed weight of individuals using exogenous characteristics from the last observed 

wave among those with two or more consecutive waves of data. Results from the first step of the 

Heckman selection model suggests that the men who are younger, single, from Guangxi province 

(in the South), and who are from communities that generally scored lower on the various 

urbanization measures in their first wave are more likely to be dropped from the analytic sample. 

However, the Wald test of independence in the errors between these two stages produced a χ2-

statistic of 1.63, meaning that we cannot reject the null that there is no correlation between the 

errors of these two equations (i.e., selection is not a problem). We also ran a Hausman 

specification test (J. A. Hausman, 1978) between the coefficients from the second equation and 

from basic OLS and found that we could not reject the null hypothesis that the difference in 
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coefficients are not systematic (χ2(35) = 1.43). Therefore, selection does not appear to be a 

problem empirically. 

 

A. Dependent Variable 

Anthropometric data was collected by trained health workers during a comprehensive 

physical exam at a local clinic or at the respondent’s home. Figure 1 shows that from 1991 to 

2006, both weight and body mass index (BMI = weight in kg/(height in m)2) rose significantly 

among adult men in China. In this analysis, we used weight as the dependent variable (but 

control for height) because biological and epidemiological studies have found that weight gain is 

mostly gained in the form of fat (rather than muscle mass or fat-free mass) among adults. This is 

particularly the case for populations that were previously undernourished or experienced weight 

fluctuations, either in childhood or adulthood (A. G. Dulloo et al., 2006, Abdul G. Dulloo, 2008, 

C. Remacle et al., 2004), and that concurrently have lowered their physical activity levels, as is 

the case in China. Because fat accumulation is well known to be highly associated with 

morbidity and mortality from cardiovascular diseases, type II diabetes, hypertension, and other 

nutrition-related non-communicable diseases (Aaron R. Folsom et al., 1994, Y. Matsuzawa et al., 

1995, T. Nakamura et al., 1994, S. U. Raymond et al., 2006), weight gain is an important 

outcome. Moreover, it is easier to interpret the results in terms of weight, because height does 

not change much within an adult population. As a check, we also ran the two-step system GMM 

with height as an endogenous variable. 

--- Figure 1 about here --- 

 

B. Key Explanatory Variables 

 The key explanatory variables were lagged total physical activities, total caloric intake, the 

proportion of energy from fat, drinking status and smoking status. Total physical activity was 

based on self- reported information on activity levels and time spent for up to two occupations, 

and time spent on four types of domestic activities (buying food, preparing food, doing laundry 

and childcare). These were combined with specific metabolic equivalent (MET) values based on 

the Compendium of Physical Activities (B. E. Ainsworth et al., 2000) to derive MET-hours per 

week to account for both intensity of activities and time spent on activities. A unit of MET, is 

defined as the ratio of a person's working metabolic rate relative to his/her resting (basal) 
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metabolic rate. There is additional information about leisure activities and travel activities, which 

was only available in the last four waves of the CHNS. However, limiting the analysis to only 

these last four waves would have severely compromised sample sizes, so only activities from 

occupations and domestic chores were included. Moreover, among men in China, these two 

domains made up the bulk of physical activities based on 1997-2006 data. Additional information 

on the creation of the physical activity measures are in a recent paper by Ng and colleagues 

(2009). In our analytic sample, physical activity levels among Chinese men fell significantly by 

37 percentage points in a span of 15 years (Figure 2). 

--- Figure 2  about here --- 

 Detailed consumption data at both the household and individual level were collected over 

three consecutive days (start day was randomly allocated from Monday to Sunday) in order to 

determine average daily dietary intake for each individual. Household food consumption was 

determined by examining changes in inventory from the beginning to the end of each day. 

Individual dietary intake for the same three consecutive days was surveyed all individuals from 

1991 onwards based on daily self-reported 24-hour recalls on all food consumed away from home 

and at-home. The collection of both household and individual dietary intake allowed for quality 

checks. Where significant discrepancies were found, the household and the individual in question 

were revisited and asked about their food consumption to resolve them (Y. Wang et al., 2000).  

 The 1991 Food Composition Table (FCT) for China was utilized to calculate 

macronutrient intake values for the dietary data of 2000 and previous years (Institute of Nutrition 

and Food Hygiene, 1991). A new 2000 version of the FCT (Institute of Nutrition and Food 

Hygiene, 2002) was used for 2004 and 2006 surveys, and update for new foods each year. 

 We decided to use measure of proportion of energy from dietary fat (%) and total caloric 

intake (in kcals) because they are able to better capture the role of dietary fat in explaining 

weight gain. From the consumption data, we were able to get individual level measures of caloric 

fat, carbohydrate, protein and alcohol intake to allow us to determine these measures. Figure 2 

shows that over the 15-year period, total caloric intake fell by about 17%, but the proportion of 

energy from dietary fat rose by six percentage points. The fact that both physical activity levels 

and total caloric intake have fallen while weight has increased suggest that declines in physical 

activity out-weighted reductions in caloric intake. However, given that the proportion of energy 

from fat has increased, dietary composition may have a role in explaining the weight gain. 
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 Dummy variables for being a drinker or smoker were included in the analyses because 

alcohol is calorically dense (7 kcals/gram) and so may result weight gain (Tavia Gordon and 

Joseph T. Doyle, 1986, S. Goya Wannamethee and A. Gerald Shaper, 2003). Clinical and 

epidemiological studies have shown that smoking is consistently negatively related to body 

weight (Robert C. Klesges, Andrew W. Meyers, Lisa M. Klesges and Marie E. LaVasque, 1989), 

possibly because nicotine increases energy expenditure and could reduce appetite (A. Hofstetter 

et al., 1986, D. F. Williamson et al., 1991). The CHNS has information about whether 

respondents drank any beer or other alcohol beverage in the past year; and if they are current 

smokers. In this sample, the smoking and drinking prevalence among Chinese men declined with 

age (Table 2), likely due to the both the aging effect and mortality effect (smokers and drinkers 

might have higher mortality rates than non-smokers and non-drinkers). 

--- Table 2 about here --- 

 

C. Potential Instruments 

 Potential instruments are time-varying and arguably exogenous dimensions of 

urbanization and prices of food items of each community. We conducted specification tests on 

various sets of these variables to determine the final set of instruments for use in both the 

instrumental variables estimation and the dynamic panel estimation. 

 We used ten community-level measures of various dimensions of urbanization: 

population, density, market accessibility, economic wellbeing, transportation, communications, 

education attainment, health facilities, sanitation and housing infrastructures. These reflect 

changes in the various dimensions of urbanization over time and reflect the environment in 

which people function. Each of these dimensions was given a score from zero to ten and was 

comprised of data collected from local area administrators or official records. Ng (2009) explains 

in detail how these scores were created and how their distributions changed over time. 

  The CHNS community-level measures of urbanization have also been previously used in 

papers by Monda et al. (2007), and Zimmer et al. (2007). Figure 3 shows that over time, the 

communities on average had improvements in these dimensions. Urbanization was not uniform 

across communities, with some communities experiencing declines in certain dimensions even 

though in general the average community might have seen improvements. China’s household 

registration (hukou) system and the longitudinal nature of the CHNS data ensure that selection 
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into communities and inclusion in the data was as independent of individual or household 

choices and behavior as best possible. 

--- Figure 3 about here --- 

 Prices may affect weight gain via consumption of various types of food items, alcohol and 

smoking. We included prices of food items that may be particularly important in the context of 

China, such as rice, flour, pork and oil, and prices of local beer and cigarettes. Community price 

surveys conducted on a set of sample stores and markets were used to provide price data. There 

were three sources of price information for a representative basket of goods. These include state 

store prices, free market prices collected from visits to stores in the communities surveyed, and 

authority price records published by the State Statistical Bureau (SSB) of China, which provides 

the provincial average. The state store prices were no longer used after the 1991–1992 price 

reform in China. Therefore, in almost all situations, the free market prices will be used as the 

basis, except when the goods studied were not sold in the free market, in which case, prices from 

the state stores will be used, followed by SSB recorded prices if the other two sources do not have 

the information. Farmers both produce and consume food, which adds complexity to the price 

issue. However, we would argue that the free market prices for the food can be seen as the 

opportunity cost of consuming instead of selling the produce. Hence, using free market prices 

(when available) is appropriate. 

--- Figure 4 about here --- 

 Variations in prices across communities are due to both supply and demand side factors. 

On the supply side, agricultural production, transportation, marketing and distribution costs, 

imports of specific foods and other items, and availability of substitutes and complements can 

affect prices across communities. On the demand side, preferences or food fads may vary by 

communities. Most price changes in China are driven by supply factors and exogenous economic 

decisions made at the provincial level by price commissions and other macroeconomic 

government decisions; hence, they can be considered exogenous variables that vary greatly over 

time and across communities as shown in the lack of a clear pattern in price changes among the 

ten most populous communities in the CHNS in Figure 4. In addition, there are also variations in 

inflation, measured by the Consumer Price Indices (CPI) across communities. The community-

specific CPI was derived from using a consumer goods basket of 57 items and the SSB’s annual 

province and urban-rural specific consumer price index ratio because there is no published 
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absolute CPI for China that provides a way to compare provinces or urban and rural areas. Price 

and income variables were deflated by these, with urban Liaoning province for 2006 equal to 1.00 

with all other prices relative to this (CPC, 2006). 

 

D. Testing the validity of instruments 

 We tested the null hypothesis that there is exogeneity by conducting a Hausman test 

between the models assuming exogeneity and the instrumental variables model. The Hausman 

test showed that we can reject the null hypothesis that there is exogeneity (χ2(21) = 52.76). This 

suggests that we should use instrumental variables in the estimation (J. A. Hausman, 1978).  

 We first tested whether the instruments are correlated with the endogenous variables. The 

first-stage regression results use lagged values of the instruments and other control variables as 

explanatory variables for the endogenous variables of lagged weight, physical activity, dietary 

intake, smoking and drinking (see Table 3). We found that all but one of the lagged community 

urbanization measures was statistically predictive of physical activity in the prior wave. In 

particular, the scores for educational institutions, sanitation, economic wellbeing and housing 

infrastructures were highly associated with declines in physical activity. The community 

urbanization variables were also highly predictive of the dietary intake outcomes. 

--- Table 3 about here --- 

 The lagged community price variables were most predictive of lagged weight and energy 

from fat. There are a few interesting results of note. For example, two key drivers of dietary 

change in China were particularly sensitive to price changes. A one percentage point increase in 

the price of pork appears to be related to a 1.36 percentage point decrease in energy from fat, and 

a one percentage point increase in the price of oil appears to be related to a 1 percentage point 

decrease in energy from fat. For endogenous variables of lagged weight, physical activity, total 

caloric intake and energy from fat, it appears that the ten community urbanization measures and 

eight price variables satisfied the requirement that these instruments are correlated with them. In 

general, the models did not perform as well for the health behaviors, particularly smoking. The 

relatively poor results for smoking are not too surprising because we only had dichotomous 

variables for whether an individual was a current smoker or not. Because smoking is addictive, it 

is unlikely that there is much variation in smoking status over time. 
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 We then tested whether the instruments are uncorrelated to the errors using a Hansen’s J- 

tests of over-identification because there are more potential instruments then there are 

endogenous variables. The J-statistic follows a χ2 distribution with degrees of freedom equal to 

the number of over-identifying restrictions rather than the total number of moment conditions. A 

rejection of the null hypothesis can imply that the instruments do not satisfy the orthogonality 

conditions (either because they are not truly exogenous, or because they are being incorrectly 

excluded from the regression), or that the model specification is incorrect. In standard IV 

models, the Sargan statistic is calculated instead. The Sargan statistic is a special case of 

Hansen's J-statistic, which uses an estimate of the error variance from the IV regression 

estimated with the full set of over-identifying restrictions, and will generate a consistent 

estimator of the error variance under the null of instrument validity. We found that the Sargan 

test of over-identification cannot be rejected (χ2 (12) = 11.57), meaning that the set of 

instruments appear to satisfy the requirement that the instruments be independent from 

unobserved error (Table 4, column 2).  

 

V. Results 

--- Table 4 about here --- 

A. Exogenous Regressors 

 The results (Table 4, column 1) assuming that the regressors are exogenous suggest that 

height is positively related to weight (p<0.01), while prior weight is positively related to current 

weight (p<0.01). An increase of 10 MET-hours per week of physical activity in the prior wave is 

associated with a weight loss of 0.02kg (p<0.01). These results are indeed lower for caloric 

intake, energy from fat and caloric intake compared to the respective estimates from the IV and 

the GMM system approaches. This suggests that these results are biased and inconsistent due to 

endogeneity. Moreover, the coefficient estimate for lagged weight is higher in this model 

compared to the IV and GMM system approach, suggesting that autocorrelation is also a 

problem. 

 

B. Instrumental Variables 

 In the IV model, only height was positively associated with weight (Table 4, column 2). 

In addition, the test of over-identification cannot be rejected (χ2 (12) = 11.57). As expected, we 
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found that the coefficients for the GMM system model (Table 4, column 4) and the IV model to 

be closer than without correcting for the endogeneity, but the standard errors were much smaller 

for the dynamic panel model because the GMM system estimator is asymptotically more 

efficient than the IV estimator.  

 

C. Instrumental Variables with Fixed Effects 

 In order to further control for unobserved individual factors, we ran an IV-FE model and 

found that like the IV model, only height was positively associated with weight (Table 4, column 

3). However, the estimated coefficient for height from the IV-FE model shows that height is less 

positively associated with weight after controlling for individual unobservables, which should be 

expected.  

 Physical activity level, caloric intake and proportion of energy from fat were not 

statistically significant in explaining weight gain, but their signs were in the expected directions 

(negative for physical activity, but positive for caloric and fat intake). The coefficient estimates 

for the smoker and drinker dummy variables were large but insignificant due to the lack of 

variation in those measures as mentioned earlier in Section IV.D. The insignificant findings here 

compared to the two-step GMM model might be due to the loss in efficiency in the IV-FE 

models due to loss in degrees of freedom, which resulted in larger standard errors.  

 

D. Two-step system GMM 

 The dynamic panel two-step procedure combines in a system GMM, a regression in 

differences over time, and a regression in levels. Recall that the consistency of the GMM 

estimation relies on the autocorrelation of the residuals and the validity of the instrumental 

variables. The xtabond2 procedure in Stata (David Roodman, 2003) performs validation tests 

for these. In our estimation, the rejection of the presence of a second-order autocorrelation (i.e., 

the AR(2) z-statistic is not significant) satisfies the first criterion, and the rejection of the J-test of 

over-identification satisfies the second criterion (Table 4, column 4). 

 The difference-in-Sargan test allows us to test a subset of the original set of orthogonality 

conditions by computing the difference in the two Sargan statistics from the entire set of over-

identifying restrictions and from the model using a smaller set of restrictions. We see that the 

Hansen test excluding the set of instruments is χ2 (37) = 41.28. So, the difference-in-Sargan test 
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of the set of 18 instruments is χ2 (18) = 20.72. The fact that we can reject the difference-in-

Sargan test of exogeneity supports the validity of these instruments. 

 The coefficient estimates from the GMM system dynamic panel estimation are 

interpreted as in a standard linear model (see Table 4, column 4). We found that, unsurprisingly, 

height is positively related to weight (p<0.05), while prior weight is positively related to current 

weight (p<0.01). An increase of 10 MET-hours per week of physical activity in the prior wave is 

associated with a weight loss of 0.03kg (p<0.05), a larger coefficient than what was found in the 

reduced-form. Also, a one percentage point increase in energy from dietary fat in the prior wave 

was associated with a 0.05 kg weight gain, ceteris paribus. When height was considered an 

endogenous variable in the two-step system GMM model, the results were virtually the same 

(results not presented, but available upon request). 

 We can also tell from these coefficients and the noted change in physical activity levels 

and dietary fat intake over the 1991 and 2006 period, how each of these factors may have 

contributed to weight gain on average. Table 5 shows the breakdown of these figures based on 

results from this analysis. 30 percent of the increase in weight among adult Chinese men was due 

to declines in physical activity, while 20 percent was due to increases in fat in their diets, and the 

remaining 50 percent was due to other factors. 

--- Table 5 about here --- 

 

VI. Conclusions 

 To our knowledge this is the first paper that uses dynamic panel system GMM estimation 

to model the relationships between macro-level factors and micro-level behavior and their 

influence on weight. It is critical to analyze longitudinal data on dietary intake, physical activity, 

and other health behaviors over time to understand the dynamics of weight gain and loss. Hence, 

the GMM system dynamic panel approach is ideal for this research; it is preferred over typical 

reduced-form and IV models.  We found that declines in physical activities and increases in fat 

as a proportion of people’s diet are positively associated with weight gain among adult men in 

China. Of these two factors, the declines in physical activity seem to a larger contributor to 

weight gain, although dietary fat intake is also important.  

 Our findings are consistent with a review of studies by Schrawen and Westerterp (2007) 

that concluded that increased intake of dietary fat and a decreasing physical activity level are the 
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most important environmental factors explaining the increased prevalence of obesity in 

westernized societies.  Physical activity has been found to be a critical factor in body weight 

regulation in lean and obese individuals due to its protective role over time through both direct 

energy expenditure, improved physical fitness and resultant metabolic effects on lipid 

mobilization and oxidation and biochemical changes in the muscle fiber that contribute to 

improved regulation of body weight (W. H. Saris, 1998). Previous work has also hinted that 

physical activity may be a more successful strategy than dietary approaches to weight loss and 

maintenance among men (A. C. King, B. Frey-Hewitt, D. M. Dreon and P. D. Wood, 1989). 

 Strategies to increase physical activity levels at the workplace (A. C. Bell et al., 2001) 

and designing built environments that are safe and conducive for such transit or exercise modes 

(A. C. Bell et al., 2002, Ann Forsyth et al., 2008, Corey L. Nagel et al., 2008) can help prevent 

weight gain, as can policies in the form of higher taxes on automobiles, lower entry fees to parks 

and government run health facilities. Additionally, disincentives for automobile ownership can 

discourage motorized transportation and help reduce air pollution and provide more pleasant 

environments for outdoor exercise. We do not, however, know if these are cost-effective 

programmatic and policy options in China for increasing physical activity that will work to 

reduce the prevalence of overweight and obesity. As for dietary intake, there is some controversy 

regarding whether it is fat itself that increases weight or, that it is the fact that fat per gram is 

more energy dense (G. A. Bray et al., 2004, W. C. Willett, 1998). Our findings that the 

proportion of energy from fat was important, but total caloric intake was not, seems to suggest 

that the former may be the case in this particular population.  

 Due to the data requirements, we were only able to apply this modeling strategy on a 

specific population—adult (18-55 year old) men in China, which limits its applicability to the 

general population. While this analysis did not directly estimate the interacted effect of physical 

activity and dietary intake, it does so implicitly in the dynamic panel system GMM estimation 

approach by including lagged weight with controls for endogeneity in the physical activity and 

diet variables that affect weight. Certainly, there are also additional endogenous determinants of 

both diet and physical activity change, such as technological changes related to home assets like 

refrigerators, rice cookers, microwaves, vacuum cleaners and washing machines that can be 

examined in the future. Future work should also consider regarding joint decisions about time 

and energy allocation among household members, instead of just considering individuals alone. 
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APPENDIX 

An individual’s utility in current period, t, depends on food consumption, F, other 

consumption, C, and current weight, W.  Utility U increases with consumption of food and other 

things, but is increasing in weight only if current weight is less than ideal weight, Ẅ. Otherwise 

utility declines with weight. The marginal utility of eating decreases as weight exceeds ideal 

weight, because eating increases weight. 

Because this model focuses on weight, we conceptualize food consumption simply as 

caloric intake, including calories from alcohol. Two other behaviors affect weight gain ⎯ 

physical activity, A, and smoking, S. Neither affects utility directly.  Instead, physical activity 

and smoking are determinants of weight and affect utility indirectly through weight1. An 

individual’s physical activity level depends on the level of development, D, where she lives, such 

that At = A(Dt). Smoking is one component of other consumption C. 

In this dynamic problem, weight, W, is the state variable. Weight is a capital stock that 

depreciates at rate 1−δ (where δ can be thought of as basal metabolism). Weight increases 

through consumption of food and alcohol, and decreases with physical activity and smoking. 

Thus, an individual’s weight at time t, depends on prior weight, food and alcohol consumption F, 

smoking S, and physical activity level A:  

(A1)    ))(,,()1( 1111 −−−− +−= ttttt DASFgWW δ ,    

where δ < 1 and g is continuous, concave, increasing in food or alcohol consumption, decreasing 

in physical activity level, and decreasing in smoking level2 (gF ≥ 0, gS ≤ 0, and gA ≤ 0).  

Over multiple time periods, an individual’s value function (or lifetime indirect utility) 

depends on the current period’s utility and the value function from future time periods:  

(A2)    )}(),,({max)( 1,, ++= tttttWCFt WvWCFUWv β ,   

where β is the discount factor.  

Individuals are subject to a budget constraint each period: pFF + pSS + pcC ≤ I, where pF, 

pS and pc are the prices of food (including alcohol), cigarettes, and other consumption goods 

respectively, and I is income. Standardizing by pc, the budget constraint as:  

                                                 
1 It not clear if this effect is positive or negative because UA and US could be > 0 for people who enjoy exercise or 
smoking, and < 0 for people who do not. 
2 Systematic reviews of clinical and epidemiological studies have shown that smoking is consistently negatively 
related to body weight (Robert C. Klesges, Andrew W. Meyers, Lisa M. Klesges and Marie E. LaVasque, 1989) 
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(A3)     SpFpIC SF −−≤ . 

Combining Eq (A2) and Eq (A3), and taking the first order conditions with respect to Ft 

and Ct, and setting them to zero so that one is maximizing their utility, gives:  

(A4) ]),(,[)()),(,( 1 tstFttCFFttStFttF WSpFpIFUpgWvWSpFpIFU −−=′+−− +β . 

That is: Marginal utility of eating and drinking plus discounted marginal utility of weight in 

future period due to eating equals the marginal utility of consuming other goods. Taking first 

order conditions of Eq (A2) with respect to W, we can get the envelope theorem:  

(A5)   )()1(]),(,[)( 1+′−+−−=′ ttSFttWt WvWSpFpIFUWv δβ ,    

which shows that the long run marginal value of weight is equal to the marginal utility of weight 

in the current period plus the discounted marginal utility of weight. 

 These will yield a steady-state in food and alcohol consumption, smoking, physical 

activity and weight as long as the marginal utility of food and alcohol consumption is falling in 

weight. Rewriting the optimality condition,   

(A6)   [ ]FFCFtttt gUUpDASFgWv )()]}(,,[{ −=+′ ,  

which is the marginal benefit of weight in the future equaling the marginal cost of spending on 

weight change. 
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TABLE 1 ― SAMPLE SIZE OF MEN FROM THE CHNS 1991-2006 
 

Consecutive 
waves 

Unit of 
observation 

Wave 
Total 

1991 1993 1997 2000 2004 2006 

T ≥ 2 
Individuals  1,138 542 779 728 993 4,180 

Person-wave  2,014 1,381 1,756 1,743 1,751 8,645 

T =1 
Individuals 2,398 558 1,280 984 892 643 6,755 

Person-wave 2,873 654 1,487 1,314 1,060 850 8,238 

Total 
Individuals 2,398 1,696 1,822 1,763 1,620 1,636 10,935 

Person-wave 2,873 2,668 2,868 3,070 2,803 2,601 16,883 
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TABLE 2―WEIGHT, PHYSICAL ACTIVITY LEVELS, DIETARY INTAKE, AND OTHER DEMOGRAPHIC 

CHARACTERISTICS AMONG ADULT MEN IN CHINA (CHNS 1991-2006) 
 

 Year Change 
(1991-
2006)  1991 1993 1997 2000 2004 2006 

Weight (kg) 
59.25 59.71 61.65 63.70 65.93 66.43 7.18 ** 
(8.46) (8.49) (9.56) (10.28) (13.72) (12.22)  

Height (cm) 
166.1 165.95 166.60 167.31 167.66 167.88 1.78 ** 
(6.26) (6.17) (6.36) (6.38) (6.65) (6.88)  

BMI (kg/m2) 
21.43 21.65 22.15 22.71 23.40 23.54 2.11 ** 
(2.50) (2.55) (2.82) (3.07) (4.35) (4.01)  

Work & Domestic 
physical activity level 
(MET-hrs/week) 

389.84 356.92 346.40 305.97 246.00 247.09 -142.75 **

(220.37) (217.01) (215.97) (202.97) (180.18) (177.90)  

Total caloric Intake 
(kcal) 

2972.73 2872.65 2612.81 2618.09 2530.91 2458.11 -514.62 **
(826.07) (922.26) (717.89) (807.06) (804.02) (774.49)  

Energy from dietary 
fat (%) 21.72 23.06 25.50 28.22 28.03 27.79 6.07 ** 

Smoker (%) 68.57 65.99 63.11 61.28 60.07 57.52 -11.05 ** 
Drinker (%) 67.77 64.14 67.12 65.27 64.15 63.32 -4.45 * 

Age (year) 
35.18 35.83 36.73 38.08 39.72 40.41 5.23 ** 
(9.93) (10.08) (10.19) (10.10) (9.95) (9.78)  

Married (%) 79.69 78.60 78.70 80.0 82.08 83.93 4.24 * 
Live alone (%) 0.21 0.19 0.21 0.23 0.32 0.31 0.10 ** 
No education (%) 15.12 11.12 9.75 6.44 4.37 6.50 -8.62 ** 
Highest education is 
primary school (%) 62.68 65.61 64.66 62.79 61.75 54.94 -7.74 ** 

Highest education is 
secondary school (%) 15.26 16.50 17.46 18.49 19.75 20.57 5.31 ** 

Highest education is 
technical school (%) 3.19 3.98 4.12 5.77 7.62 9.00 5.81 ** 

Has university degree 
or higher (%) 3.75 2.79 4.01 6.51 6.51 8.99 5.24 ** 

Predicted household 
income (2006 yuan) 

2228.2 2261 2545.71 3573.33 4431.98 5243.65 3015.45 **
(1443.17) (3746.15) (2362.72) (3432.76) (4419.80) (8047.30)  

Number of 
observations 2851 2649 2841 2980 2795 2601  

Notes: Standard Deviations in parentheses. 
* difference between 1991 and 2006 is significant at 5%; ** significant at 1% 
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TABLE 3―URBANIZATION AND PRICES ON WEIGHT, PHYSICAL ACTIVITY, DIETARY INTAKE, SMOKING AND DRINKING 
AMONG CHINESE MEN 

 Community Factors Lagged 
Weight (kg)

Lagged 
Activity 

(MET-hrs/wk)

Lagged Total 
caloric 

intake (kcal)

Lagged % 
energy from 

Fat 

Lagged 
P(Smoker)

Lagged 
P(Drinker)

Population score (0-10) -0.032 0.33 6.916 -0.061 0.026 -0.009 
(0.041) (0.737) (3.591) * (0.041) (0.019) (0.015) 

Density score (0-10) 0.02 -3.141 -7.733 0.138 -0.017 0.058 
(0.044) (0.802) ** (3.609) * (0.042) ** (0.02) (0.016) ** 

Market Accessibility score (0-
10) 

0.002 -3.013 -11.56 -0.036 -0.031 -0.039 
(0.025) (0.624) ** (2.884) ** (0.035) (0.013) * (0.011) ** 

Transportation score (0-10) 0.024 -3.471 -16.435 0.142 0.002 0.015 
(0.036) (0.853) ** (4.055) ** (0.046) ** (0.018) (0.016) 

Communications score (0-10) 0.079 -2.513 -5.84 0.268 -0.02 0.009 
(0.042) + (1.08) * (4.81) (0.056) ** (0.022) (0.019) 

Economy score (0-10) 0.063 -7.465 12.924 0.183 0.012 0.012 
(0.054) (1.078) ** (5.175) ** (0.068) ** (0.025) (0.021) 

Educational Institution score 
(0-10) 

0.176 ** -10.403 -35.684 0.339 0.001 0.018 
(0.049) (1.106) ** (4.672) ** (0.056) ** (0.025) (0.02) 

Health Facilities score (0-10) 0.07 -3.918 -5.407 0.204 0.039 0.015 
(0.049) (1.05) ** (4.813) (0.054) ** (0.022) + (0.018) 

Sanitation infrastructure score 
(0-10) 

0.048 -9.085 1.042 0.197 0.024 -0.008 
(0.029) + (0.775) ** (4.007) (0.039) ** (0.016) (0.014) 

Housing infrastructure score 
(0-10) 

0.102 -6.594 -5.224 0.523 -0.015 -0.031 
(0.05) * (1.208) ** (6.197) (0.068) ** (0.027) (0.023) 

Log real price of Rice 
(yuan/kg) 

0.662 -0.709 -13.521 -0.894 0.39 -0.069 
(0.382) + (8.935) (43.193) (0.497) + (0.202) * (0.171) 

Log real price of Flour 
(yuan/kg) 

-1.543 -3.734 -13.81 1.663 -0.012 -0.268 
(0.326) ** (8.411) (39.251) (0.475) ** (0.181) (0.156) + 

Log real price of Pork (yuan/ 
kg) 

-1.308 17.387 -2.27 -1.367 0.082 -0.047 
(0.332) ** (6.425) ** (32.506) (0.365) ** (0.151) (0.126) 

Log real price of Chicken 
(yuan/kg) 

-2.495 -11.037 156.631 1.837 0.575 -0.031 
(0.331) (7.599) (38.648) ** (0.461) ** (0.176) ** (0.148) 

Log real price of Oil 
(yuan/liter) 

-0.478 2.847 -54.151 -0.998 -0.036 -0.134 
(0.208) * (4.476) (22.623) * (0.244) ** (0.099) (0.082) 

Log real price of Beer 
(yuan/bottle) 

-0.364 -7.385 -20.696 0.232 -0.086 -0.243 
(0.357) (6.99) (34.429) (0.412) (0.171) (0.142) + 

Log real price of Cigarettes 
(yuan/box of 20) 

0.067 -13.128 -33.014 0.486 -0.172 -0.065 
(0.154) (4.072) ** (19.263) * (0.213) * (0.082) * (0.069) 

Consumer Price Index 
(100=urban Liaoning) 

-8.768 18.71 79.594 14.256 1.865 0.409 
(1.694) ** (31.864) (138.207) (1.742) ** (0.741) * (0.611) 

Observations 8645 8645 8645 8645 8645 8645 
Number of Individuals 4180 4180 4180 4180 4180 4180 
Overall Statistic χ2(35) 2064 ** 5970.48 ** 737.72 ** 3179.27 ** 238.72 ** 253.15 ** 
Joint test of significance for all 
community variables χ2(18) 223.34 ** 1856.63 ** 233.72 ** 1414.28 ** 37.76 ** 50.45 ** 

Joint test of significance for 
urbanization measures χ2(10) 67.59 ** 1402 ** 176.49 ** 651.03 ** 13.08 28.04 ** 

Joint test of significance for 
price variables χ2(8) 156.57 ** 21.28 ** 27.26 ** 157.36 ** 23.79 ** 17.84 * 

Notes: Controlling for height, time, age, marital status, living situation, education, and predicted household income. 
Robust standard errors in parentheses.  
+ significant at 10%;* significant at 5%; ** significant at 1% 
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TABLE 4―RESULTS FROM DIFFERENT APPROACHES TO ESTIMATE DETERMINANTS OF WEIGHT 
AMONG CHINESE MEN 

 
 (1) (2) (3) (4) 

 Exogenous 
regressors 

Instrumental 
Variables  

Instrumental 
Variables and 
Fixed Effects 

Two-step system 
GMM 

Key Explanatory Variables     

Current Height (cm) 0.429 0.528 0.288 0.711 
(0.031) ** (0.216)* (0.052) ** (0.276)* 

Lagged (t-1)     

Weight (kg) 0.512 0.424 - 0.313 
(0.035) ** (0.266) - (0.072)** 

Work & Domestic Physical activity 
level (METs-hours/week) 

-0.002 0.008 -0.0124 -0.003 
(0.0004) ** (0.008) (0.01) (0.002) * 

Total Caloric Intake (kcal) 
 

0.0002 -0.0004 0.011  -0.0001 
(0.0001) (0.001) (0.011) (0.0002)   

Energy from Fat (%) 
 

0.009 0.067 0.029 0.047 
(0.008) (0.086) (0.108) (0.022)* 

Smoker 
 

-0.490 -0.363 -10.193 0.299 
(0.194) ** (4.633) (5.808) (0.597) 

Drinker 0.375 1.456 4.163 0.037 
(0.204) (4.616) (4.629) (0.525) 

Instruments None 

Δ community 
variables used 
as instruments 

for lagged 
endogenous 

variables 

Lagged 
community 

variables used as 
instruments for 

lagged 
endogenous 

variables 

Δ community 
variables for first 

difference 
equation. 

Lagged difference 
for weight, 

physical activity, 
dietary intake, 
smoking and 

drinking status for 
(t-1) and prior for 

level equation. 
Number of Instruments used None 35 31 79 

Overall Statistic χ2(23)= 
6027.44 ** 

χ2(23)= 
5175.05 ** 

χ2(18)= 
680252.02 ** χ2(23) = 206.34 **

Difference-in-Hansen tests of exogeneity 
of Community variables as instruments     

Hansen test excluding group    χ2(37) = 41.28 
Difference (H0 = exogenous)    χ2(18) = 20.72 

Sargan/Hansen's test of over-identification  χ2(12)= 11.57  χ2(55) = 62.00 
Test for Autocorrelation     

AR(1) in first differences (z-statistic)    -4.06 ** 
AR(2) in first differences (z-statistic)    1.38 

 
Notes: For all estimations there were 8,645 observations made up for 4,120 unique individuals. Among those with 
2 or more consecutive waves of data. Controlling for time, age, marital status, living situation, education, and 
predicted household income. Robust standard errors in parentheses. 
* significant at 5%; ** significant at 1% 
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TABLE 5―CONTRIBUTION OF PHYSICAL ACTIVITY AND ENERGY FROM DIETARY FAT ON WEIGHT 
GAIN AMONG CHINESE MEN 

 
 (1) (2) (3) (4) 
 Change 

(1991 – 
2006) 

Coefficient 
from Table 4, 

Column 3 

Absolute 
Contribution (kg) 
(1)x(2)x5 intervals 

Percentage 
Contribution 

(%) 

Work & Domestic Physical activity 
level (METs-hours/week) 

-142.75 -0.003 2.14 29.81 

Energy from Fat (%) 6.07 0.047 1.43 19.92 
Weight (kg) 7.18  3.57 49.73 
Unexplained   3.61 50.27 

Notes: Because the coefficients are for the change in the explanatory variable from t-1 to t, we need to 
multiply the coefficient by the 5 intervals in Column (3).  
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FIGURE 1. WEIGHT AND BODY MASS INDEX OF ADULT MEN IN CHINA FROM 1991 TO 2006  

 

Source: China Health and Nutrition Surveys 1991, 1993, 1997, 2000, 2004 and 2006. 
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FIGURE 2A. CHANGE IN WORK AND DOMESTIC ACTIVITY 

       
 

 

 

 

 

 

 

 

 

 

 

 

 

 
FIGURE 2B. CHANGE IN TOTAL CALORIC INTAKE AND ENERGY FROM FAT 

 

Notes: Only among adult (18-55 year old) men. 

Source: China Health and Nutrition Surveys 1991, 1993, 1997, 2000, 2004 and 2006. 



 

 36

3

4

5

6

7

8

9

1990 1994 1998 2002 2006
Year

Sc
or

e 
(0

-1
0)

Market accessibility Communication
Education facilities Economic
Housing Sanitation

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

FIGURE 3. AVERAGE CHANGE IN SELECT URBANIZATION DOMAINS AMONG COMMUNITIES IN CHINA 

FROM 1991 TO 2006 

 

Source: China Health and Nutrition Surveys 1991, 1993, 1997, 2000, 2004 and 2006. 
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FIGURE 4A. CHANGE IN REAL PRICE OF OIL ACROSS THE 10 MOST POPULOUS COMMUNITIES 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
FIGURE 4B. CHANGE IN REAL PRICE OF FLOUR ACROSS THE 10 MOST POPULOUS COMMUNITIES 

 

Source: China Health and Nutrition Surveys 1991, 1993, 1997, 2000, 2004 and 2006. 




