
Propensity Scoring Approaches toPropensity Scoring Approaches to 
Address Problems with Two‐Stage 

DEA d S h i F iDEA and Stochastic Frontier 
Analysesy

On a Set of Methods to Address Problems 
with Two‐Stage DEA

Pavlo Demchuk and Robin Sickles

with Two Stage DEA

Efficiency Measurement: New Methods and 
Application to the Food SectorApplication to the Food Sector
Toulouse, June 27‐28, 2011



OverviewOverview

• MotivationMotivation
• 2 Stage DEA

i S l i ( S )• Propensity Score Analysis (PSA)
• PSA Matching
• Simulation
• Application: Texas Electricity MarketApplication: Texas Electricity Market
• Conclusions



DEA Setup (Two Stage)DEA Setup (Two Stage)

Stage 1Stage 1
• N decision making units (DMUs) 
• Linear function of n inputs that produce m outputs  
• There is no explicit production or cost function
• Linear function of inputs x is minimized given the linear 

function of outputs y (linear function of outputs is maximizedfunction of outputs y (linear function of outputs is maximized 
given the linear function of inputs)  

• Efficiency scores

Stage 2
• Assume a relationship between efficiency scores and some 

explanatory variables z (done using Truncated Reg with 
Bootstrap)



MotivationMotivation

• Bias due to the misspecification of the modelBias due to the misspecification of the model 
in stage 1 (omitted variable)

• Selection bias

• Group Comparisonp p



Propensity Score AnalysisPropensity Score Analysis

• One analyzes causal effects of treatment fromOne analyzes causal effects of treatment from 
observational data

• Treated and non‐treated groupsTreated and non treated groups
• Counterfactual – what would have happened 
to the treated, has they not receivedto the treated, has they not received 
treatment

• Key assumption: that units selected intoKey assumption: that units selected into 
treatment and non‐treatment groups have 
potential outcomes in both states



Identification AssumptionsIdentification Assumptions

Conditional Independence AssumptionConditional Independence Assumption
“selection on observables” and participation is independent 
of outcomes once we control for observable characteristics 
(x)

Common Support Condition
we compare comparable individuals



PSAPSA



Matching EstimatorsMatching Estimators



Propensity ScorePropensity Score



PSA ProcedurePSA Procedure



Double Bootstrap ProcedureDouble Bootstrap Procedure



Simulation SetupSimulation Setup



Truncated regression w/o Matching (One output, two inputs, and one external variable)

n=100 True Parameter Alg#2 90% Conf. Interval 95% Conf. Interval

0.5 0.4689 ‐0.0449 1.2724 ‐0.1783 1.3857

0.5 0.4559 0.3189 0.5818 0.2840 0.5978

1 0.8281 0.4489 1.0991 0.3377 1.1547

n=400

0.5 0.6278 0.3494 0.9587 0.3076 1.0834

0 5 0 4810 0.4052 0.5502 0.3975 0.56530.5 0.4810

1 0.8722 0.6711 1.0374 0.5991 1.0592

Truncated regression w/ Matching

100 True Parameter Alg#2 90% Conf Interval 95% Conf Intervaln=100 True Parameter Alg#2 90% Conf. Interval 95% Conf. Interval

0.5 ‐0.4527 ‐1.7874 2.3940 ‐1.9135 3.3587

0.5 0.7567 0.2001 1.1241 ‐0.0810 1.1552

1 0.9419 ‐0.1902 1.5074 ‐0.5005 1.5403

n=400

0.5 ‐0.0469 ‐0.9017 0.9453 ‐1.0891 2.1344

0.5 0.4849 0.2392 0.6721 0.0389 0.7156

1 1.2362 0.4834 1.7980 0.1066 1.8526



Truncated regression w/o Matching (Two outputs, three inputs, and three external variables)

n=100 True Parameter Alg#2 90% Conf. Interval 95% Conf. Interval

0.5 ‐2.3162 ‐3.8200 ‐0.7897 ‐4.0074 0.1131

0.5 0.6291 0.4467 0.8238 0.4023 0.8509

0.5 0.6600 0.4170 0.8867 0.3344 0.9418

0.5 0.5959 0.3492 0.8019 0.2766 0.8588

1 2.2593 1.4939 3.0395 1.1348 3.1451

n=400n=400

0.5 ‐0.1017 ‐0.4710 0.2930 ‐0.5112 0.3955

0 5 0 5508 0 4869 0 6150 0 4793 0 62200.5 0.5508 0.4869 0.6150 0.4793 0.6220

0.5 0.5442 0.4702 0.6134 0.4556 0.6273

0 5485 0 4863 0 6092 0 4689 0 62120.5 0.5485 0.4863 0.6092 0.4689 0.6212

1 1.5576 1.3048 1.8129 1.2757 1.8402



Truncated regression w/ Matching

n=100 True Parameter Alg#2 90% Conf. Interval 95% Conf. Interval

0.5 0.5843 ‐0.0020 1.2270 ‐0.0602 1.3579

0.5 0.3151 0.1874 0.4457 0.1484 0.4888

0.5 0.2845 0.1414 0.4377 0.1104 0.4442

0.5 0.3610 0.1851 0.5045 0.1554 0.5199

1 0.4383 0.2546 0.6477 0.2138 0.6698

n=400n=400

0.5 ‐0.5181 ‐1.1979 0.5533 ‐1.3821 0.9108

0 5 0 6100 0 3926 0 7551 0 3583 0 77490.5 0.6100 0.3926 0.7551 0.3583 0.7749

0.5 0.5768 0.3619 0.7196 0.3382 0.7595

0 5 0 5985 0 4209 0 7624 0 3607 0 77510.5 0.5985 0.4209 0.7624 0.3607 0.7751

1 1.6368 1.0467 2.0889 0.9284 2.1969



Texas Electricity MarketTexas Electricity Market
• Electricity Generators in ERCOT
• 1999‐2002 (69 power plants)

N t G ti E l i f Pl t U (KWh)• Net Generation, Exclusive of Plant Use (KWh)
• Total Installed Cap (MW) 
• Average Number of Employees (Employees)Average Number of Employees (Employees)
• Fuel ($)
• Plant Hours Connected to Load (Hours)
• Total Cost ($)
• Total Production Expenses ($)



DEADEA

• CRSCRS
• Total Cost and Total Production Expenses

i $ 0000in $10000
• All variables in logs



RegressionRegression

• Fuel 0 8895Fuel  0.8895
• Connected to Load  ‐3.9230

l C 0 6233• Total Cost  0.6233
• Total Production Expenses  0.7126

• Sigma 0 8084Sigma 0.8084



Further ResearchFurther Research

• Multiple treatments
O V i bl– One Variable

– Different Variables 



ConclusionsConclusions

• PSA takes into the account all the covariates inPSA takes into the account all the covariates in 
before the first stage

• PSA provides good supplementary information• PSA provides good supplementary information 
to the conventional frontier methods
M b d h i h DEA/SFA• May be used together with DEA/SFA 


