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Introduction

• Typically we see cases where there is a treatment and a 

control group

• We usually compare treatment effects for both groups (ATE) 

or for those individuals who participated (ATT)

• If the treatment and control groups were chosen at random 

 we just compare the two groups (either by difference of 

means or with regressions)

• If assignment was not random  we use non-experimental 

methods (Diff-in-Diff, Matching) or quasi-experimental (IV, RD)
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Continuous & multiple treatments

• However, many times there are programs where:

▪ Treatment is continuous:
• Treatment intensity: program lasts longer for some 

participants (entry/exit)

• Participants receive different amounts of subsidies

▪ There are multiple treatments:
• Treatment 1: Information

• Treatment 2: Subsidy

• Treatment 3: Subsidy + Information

• Control: No subsidy, no information

• When assignment to treatment is random then there is no 

problem  we just compare the results of each group

• But, if assignment to treatment is not random we have to 

deal with possible selection bias as in binary cases 3



Selection on observables

• When using regression to estimate treatment effects  we 

rely on “adjusting” regression with the observed variables

• Implicit assumption: “selection on observables”

▪ All the variables that we include in the regression are 

enough to eliminate selection bias

• Another way of calling this assumption:

▪ Unconfoundedness

▪ Conditional Independence Assumption (CIA)

• Matching is an alternative (and attractive) method that 

relies on this assumption
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Strategy usually used in binary case 

• Imbens (2015) proposes following steps

• Stage I: Design
▪ We do not use outcome (Y) data  focus only on (X,T) 

 typically (not always) used  to estimate propensity score

▪ Assess overlap  how similar are the distributions

▪ If overlap is not good: we discard individuals that fail overlap 

 Changes group for which we estimate ATT or ATE!

• Stage II: Assess Unconfoundedness
▪ Only use (X,T) data  but it is more useful when X includes 

lagged values of Y  “pseudo” outcomes Xp

• Stage III: Analysis
▪ Estimate ATT or ATE

▪ Only on individuals satisfying overlap, and assuming we 

believe unconfoundedness is a credible assumption 5



Non-experimental methods for 

continuous & multiple treatments I

• We are interested in the average causal effect of some 

treatment on some outcome

• Treatment: 𝑇 ∈ 𝒯  for each treatment 𝑡 there is a 

potential outcome 𝑌𝑖(𝑡)

• We are interested in 𝐸 𝑌𝑖 𝑡 , for all values of 𝑡

▪ And in differences of the type 𝐸 𝑌𝑖 𝑡 − 𝑌𝑖(𝑠)

• We observe for each unit 𝑖

▪ Random sample of size 𝑁

▪ Treatment 𝑇𝑖
▪ Outcome associated to treatment: 𝑌𝑖 ≡ 𝑌𝑖(𝑇𝑖)

▪ Pre-treatment variables 𝑋𝑖
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Non-experimental methods for 

continuous & multiple treatments II

• Key assumption: adjusting for pre-treatment differences in 

𝑋𝑖 solves problem of drawing causal inference 

 unconfoundedness assumption

• If 𝐷𝑖 𝑡 = 1 is a dummy for 𝑇𝑖 = 𝑡 (0 otherwise)

• Weak unconfoundesdness: 𝑫 𝒕 ⊥ 𝒀 𝒕 |𝑿 for all 𝐭 ∈ 𝓣
 treatment independent of each potential outcome |X

• As binary case problem of | X multi-dimensional

• Imbens (2000): Generalized Propensity Score (GPS)

▪ Probability of being assigned to particular treatment, or to 

particular intensity of treatment conditional on covariates

▪ GPS: 𝑟 𝑡, 𝑥 ≡ 𝑝𝑟 𝑇 = 𝑡 𝑋 = 𝑥 = 𝐸{𝐷(𝑡)|𝑋 = 𝑥}
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Estimation

• Imbens (2000) proposes estimation in three steps

(Hirano & Imbens, 2004 apply it to continuous case):

1. Estimate GPS (i.e. multinomial logit)

2. For all t ∈ 𝒯 estimate:

i. 𝛽 𝑡, 𝑟 ≡ 𝐸{𝑌|𝑇 = 𝑡, 𝑟 𝑻, 𝑋 = 𝑟}
ii. 𝐸 𝑌 𝑡 = 𝐸{𝛽 𝑡, 𝑟(𝒕, 𝑋 )}

• Alternatively, as in binary case a type of “matching” can be 

done by inverse probability weighting (IPW)

𝐸 𝑌 𝑡 =
𝑌𝐷(𝑡)

𝑟(𝑇, 𝑋)

• Cattaneo (2010) shows how to do this efficiently with GMM

• IPW is implemented in Stata: teffects aipw command8

Partial Mean 

Estimator



Continuous treatment 

Example I

• Flores et al. (2011) analyze the effects of length of 

exposure to instruction in the Job Corps training program

• The JC program is a U.S. program oriented to young high 

school dropouts (ages 16 to 24)

• Approximately 60,000 participate per year at a cost of $1b

• Participants receive many services (including residing in 

the training centers, health services, and training) 

• Duration of effective academic and vocational (AV) 

instruction varies by type of training, and by individual

 different types of individuals end up receiving a different 

treatment length  selection bias?
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Continuous treatment 

Example I
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Continuous treatment 

Example I

• Authors estimate the GPS for the continuous case

• As shown by Hirano & Imbens (2004) not enough to run 

an (inverse) weighted regression

• It is necessary to average this regression for different 

values of the GPS  Details in paper, beyond our focus

• The whole procedure can be done in Stata with the drf

Stata command written by Bia, Flores-Lagunes, Flores 

& Mattei (2014)  estimates GPS, produces balancing 

tests, estimates “dose-response functions” 
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Continuous treatment 

Example I

• Balancing testes are more complicated

• They run a regression of T on GPS, GPS2, GPS3, Xs

 they test that Xs have no explanatory power, after 

controlling for GPS
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Continuous treatment 

Example I

• They estimate “dose-response functions” that show the 

treatment effects of different weeks of AV instruction
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Continuous treatment 

Example I

• They validate results by looking at “placebo outcomes” 

(here in “derivative form”, i.e. changes)
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Intensity of treatment for 

participants

• A situation that is not uncommon is to have data only on 

program participants, but with different lengths of 

exposure

• In this case we cannot estimate a treatment effect 

where the counterfactual is not participating in the 

program

• But, it can still be interesting to understand what are the 

effects of length of exposure for participants

• Participants are most likely very different from non-

participants, so we need to be careful in interpreting 

these analyses!!!
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Continuous treatment 

Example II

• Behrman, Cheng & Todd (2004) evaluate the “Proyecto 

Integral de Desarrollo Infantil (PIDI)” in Bolivia

• The program provides daycare, nutritional, and 

educational services to children 6 months to 6 years who 

live in poor, predominantly urban areas

• The authors do not rely on the GPS but do use a version 

of matching, and rely on a marginal impact estimator

• They also check balancing of covariates and impose a 

common support condition
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Continuous treatment 

Example II

• Note how all curves start at values >0!!!
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Multiple (multi-valued) treatments 

Example I

• Cattaneo (2010) analyzes the effect of maternal smoking 

intensity during pregnancy on birth weight

• He estimates marginal mean and quantile treatment 

effects  i.e. not only the average effect, but also showing 

(for example) the median effect (or any other quantile)

• He uses a version of inverse probability weighting, and 

also proposes the Efficient Influence Function Estimator 

EIFE) that is efficient (minimizes variance)

• These estimators (and others) are coded in Stata 13 & 14 
 see teffects multivalued in Stata help

18



Multi-valued treatments 

Example I

• Cattaneo (2010) findings

• Intensity of

treatment matters

• Not only at the mean

• Also at different

quantiles
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Multi-valued treatments 

Example II

• Flores & Mitnik (2013) rely on multi-valued treatment 

estimators to show how they can be used to compare 

treatments across different labor markets

• They analyze a training program in the U.S. in five 

different locations

• But, only use control individuals to make the point that 

selection bias can be eliminated through the use of these 

estimators

• Also, they show the importance of imposing a common 

support condition that makes individuals comparable 

across all five locations
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Multi-valued treatments 

Example II

• How do you impose overlap?

• Let 𝑟𝑞,{𝑗∈𝐴}
𝑑 be the q-th quantile 

of GPS distribution of sub-

sample A

• Overlapd = Overlap region in 

site d is given by sub-sample 

of individuals with GPS > 

max(𝑟𝑞,{𝑗: 𝐷𝑗=𝑑}
𝑑 , 𝑟𝑞,{𝑗: 𝐷𝑗≠𝑑}

𝑑 )

• Overlap or common support 

region:

𝑂𝑣𝑒𝑟𝑙𝑎𝑝 = ሩ

𝑑=1

𝑘

𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑑
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Multi-valued treatments 

Example II

Note that:

• GPS of one treatment vs. all 

other treatments together are 

compared

• Only lower tails of the 

distributions are compared
▪ For each individual in a 

particular treatment, looking 

for comparable individuals

• No set value for q
▪ In paper q=0.0025 is used

▪ Other values of q tried
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Multi-valued treatments 

Example II

• Overlap (common support) matters a lot in this case

• Overlap has to be satisfied simultaneously in all 5 

locations 

• Based on GPS  Pr(belonging to a particular location)

• So in this case there are 5 different probabilities!

• This guarantees individuals are comparable in all 

locations (treatments)
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Multi-valued treatments 

Example II

• Also

important

to check

overlap

quality

• How many

units are

comparable? 
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Aplicación práctica
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mteffects (beta): programa para la aplicación práctica de múltiples 

tratamientos

• Selección de individuos comparables entre múltiples tratamientos. 

• Análisis de los individuos seleccionados. Balanceo, Comparativa de 

las distribuciones (histogramas, densidades de Kernel).

• Diversidad de estimadores para las medias: 

✓ Sin ajustes (antes y después de overlap): RAW_NOV, RAW_OV

✓ Media parcial basada en regresión lineal: PM_X_NOV, PM_X_OV

✓ Media parcial basada en GPS (paramétrica y no paramétrica): 

PM_GPS_PAR, PM_GPS_NPR

✓ Ponderación por inversa de probabilidad:  IPW_NOX, IPW_X

• Simulaciones para establecer una base de comparación entre los 

tratamientos



Aplicación práctica
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Ejemplo usando:

• Attanasio, O., Kugler, A., & Meghir, C. (2011). Subsidizing vocational 

training for disadvantaged youth in Colombia: Evidence from a randomized 

trial. American Economic Journal: Applied Economics, 3(3), 188-220.

Caso 1: Tratados vs Controles

Caso 2: Múltiples ciudades. Buscar individuos comparables entre ciudades

Caso 3: Efectos del tratamiento dentro de las ciudades

Caso 4: Efectos del tratamiento dentro de las ciudades 

 con especificaciones diferentes para cada ciudad

Datos: https://www.aeaweb.org/aej/app/data/2009-0168_data.zip

Caso 5 (si hay tiempo): Comparando controles entre las ciudades. 

Balanceo. Distribuciones de Kernel. Regiones de (no)overlap



Caso 1: Tratados vs Controles
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Analisis sencillo.

Medias para cada grupo.

Diferencia de las medias.

Estimadores a utilizar
• Media sin ajustar (después de overlap): RAW_OV 

• Media parcial basada en regresión lineal: PM_X_NOV

• Ponderación por inversa de la probabilidad: IPW_X



Caso 1: Tratados vs Controles
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Preparamos la base de datos

Generamos un identificador por curso (necesario para la estimación)

Definimos una macro local que contiene las variables de la línea de base que 

vamos a utilizar



Caso 1: Tratados vs Controles
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Sintaxis base:

mteffects yvar ,  tvar( )   xvar( )   xgps( ) 

estimators( )

treatment_lbls( )

RAW_NOV,   RAW_OV,    PM_X_NOV,    PM_X_OV,

PM_GPS_PAR,   PM_GPS_NPR,    IPW_NOX,    IPW_X

Por default el programa corre un bootstrap de 200

replicaciones y los intervalos de confianza reportados al 95%.

“rep()” y “level()”



Caso 1: Tratados vs Controles
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Definimos variables macro para facilitar la visualización de la programación



Caso 1: Tratados vs Controles
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Caso 2: Múltiples ciudades
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Queremos observar los efectos en individuos que sean 

comparables entre ciudades. Generamos el identificador de 

ciudad

Generamos una variable de tratamiento que contenga un valor para cada 

grupo que nos interese analizar



Caso 2: Múltiples ciudades
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Volvemos a definir las macros necesarias



Caso 2: Múltiples ciudades
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Llamamos al comando

Nos permite realizar cómputos 

especiales reportados por el programa

Por ejemplo: diferencia entre los

controles de Bogotá y Cali, o bien el

efecto del tratamiento en Bogotá

(Tratados - Controles)



Caso 2: Múltiples ciudades
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Caso 2: Múltiples ciudades
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( … )( … )



Caso 3: Efectos del tratamiento 

dentro de las ciudades
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Vamos a calcular los efectos del tratamiento dentro de cada 

ciudad.

Incorporamos la opción “tvardif()”.

Nos permite otra variable de tratamiento para calcular 

diferencias dentro de cada nivel de nuestra variable 

dependiente.

Facilita el reporte y da flexibilidad 

(lo veremos en el “Caso 4”)

Mismas macros de yvar, gps, xvar



Caso 3: Efectos del tratamiento 

dentro de las ciudades
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En lugar de generar un valor para Tratados y otro para 

Controles en cada ciudad, solo identificamos las ciudades de 

nuestro interés. 

Indicamos al programa cual es la variable que identifica los 

tratados y controles

Solamente le daremos nombre a las ciudades



Caso 3: Efectos del tratamiento 

dentro de las ciudades
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Llamamos al comando

Opción agregada identifica 

quién es tratado y control



Caso 3: Efectos del tratamiento 

dentro de las ciudades
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Caso 4: Caso 3 pero estimaciones 

especificas a cada tratamiento
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• No es posible agregar efectos fijos a nivel de cursos para 

cada tratamiento porque los identifican perfectamente.

• El programa permite realizar las estimaciones para cada 

tratamiento por separado con variables comunes y 

especificas a cada uno de ellos.

• Incluimos el reporte de  los rmsd, una medida de que tan 

distintos son los tratamientos entre si.

Definimos las mismas macros y variables que en el caso 3, 

salvo por las “xvar”



Caso 4: Caso 3 pero estimaciones 

especificas a cada tratamiento

42

Después de identificar los cursos por ciudad, definimos una 

macro con la especificación específica para cada ciudad

En el orden en que toman los valores de los tratamientos, se 

listan las especificaciones, separadas por “punto y coma” “;” 



Caso 4: Caso 3 pero estimaciones 

especificas a cada tratamiento
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Llamamos al comando

Especificaciones particulares 

a cada tratamiento

Medida de “distancia” 

entre tratamientos



Caso 4: Caso 3 pero estimaciones 

especificas a cada tratamiento
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Apéndice Caso 5: Comparar 

controles entre ciudades

45

Veamos que tan similares son los controles entre las distintas 

ciudades, y las características de los estos individuos 

comparables entre si

El comando nos permite entre otras cosas

• Observar el funcionamiento del balanceo de los dintintos

tratamientos previo y posterior a la definición de la región de 

overlap.

• Generar histogramas de calidad de las regiones de overlap.

• Graficar las densidades de kernel de las distribuciones 

asociadas a cada grupo



Apéndice Caso 5: Comparar 

controles entre ciudades
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• Al igual que en los casos anteriores, definimos las variables 

para las generación del gps y nuestra variable dependiente 

(que no va a ser utilizada)

• Eliminaremos los tratados de la muestra.

• Nos quedaremos únicamente con individuos de Bogotá y de 

Otras ciudades (No Cali ni Medellín)

• No reportaremos en este caso tablas de resultados.

• Características de las estimaciones (y los estimadores) no 

son necesarios.



Apéndice Caso 5: Comparar 

controles entre ciudades

47

Definimos un directorio donde guardar los resultados.

Definimos un set de variables sobre las cuales calcularemos el balanceo.

Definimos directamente en el comando algunas opciones

Directorio

Nombre p/ los histogramas

Nombre p/ las distribuciones

Variables a calcular el balanceo

Indica al programa que no es 

necesario realizar el bootstrap



Apéndice Caso 5: 

Balanceo

raw_1 raw_2 raw_ovlp_1 raw_ovlp_2 IPW_1 IPW_2

pempl_04 0.89 0.81 0.89 0.80 0.85 0.85

profit_04 17278.35 31645.50 17278.35 33413.41 25237.98 25125.05

tenure_04 6.16 6.24 6.16 6.34 6.39 6.58

Raw Raw w/Ovlp IPW

pempl_04 0.034 0.019 0.993

profit_04 0.064 0.044 0.989

tenure_04 0.911 0.812 0.814

nr_Xs_pval_lt_10_perc 2 2 0

nr_Xs_pval_lt_5_perc 1 2 0

nr_Xs_pval_lt_1_perc 0 0 0

Raw Raw w/Ovlp IPW

pempl_04 0.05 0.05 0.00

profit_04 0.29 0.32 0.00

tenure_04 0.01 0.01 0.01

Medias de las variables seleccionadas

P-values

RMSD



Apéndice Caso 5: 

Calidad de las regiones de overlap



Apéndice 

Caso 5: 

Kernel

densities



Summary

• We have seen several examples of extensions of the 

binary methods to the cases of continuous and multi-

valued treatments

• Under randomization things are really not more 

complicated

• For non-experimental and quasi-experimental methods 

the econometrics is a little bit more complicated

• But, basically we do the same, deal with the issue of 

selection bias

• Apply the same sort of procedures: check for overlap, 

balancing, etc.
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