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Abstract
Propensity score matching is often used in observational studies to create

treatment and control groups with similar distributions of observed covari-
ates. Typically, propensity scores are estimated using logistic regressions
that assume linearity between the logistic link and the predictors. When the
actual assignment mechanism is not governed by linearity, matching on the
poorly estimated propensity scores might not produce groups with similar
covariate distributions. In this paper, we evaluate the use of generalized
additive models (GAMs), which use flexible rather than linear functions of
the predictors, for estimating propensity scores. Using empirical studies, we
compare GAMs to logistic regressions in terms of balancing covariate distri-
butions when matching on estimated propensity scores. We find that, when
the distributions of covariates in the treatment and control groups overlap
sufficiently, using GAMs can improve overall covariate balance, especially
for higher order moments and fine features of distributions. When the distri-
butions in the two groups overlap insufficiently, GAMs more clearly reveals
this fact than logistic regression do.
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1 Introduction
In many studies, the objective is to learn about the causal effect of some treat-
ment relative to a control condition. Ideally, the treatment and control condition
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are randomly assigned to subjects. With large samples, random assignment pro-
duces groups with similar background characteristics prior to receipt of treatment,
so that significant differences in the outcome variable in the two groups primar-
ily reflect the effects of the treatment, not the effects of differences in covariates.
When random assignment is not feasible, e.g., in observational studies, there is no
guarantee that background characteristics are similar in the treatment and control
groups. When these covariates are related to the outcome, any observed differ-
ences in the two groups’ outcome distributions may reflect the differences in the
groups’ backgrounds rather than effects of the treatment [1, 2].

Analysts can reduce the bias that results from imbalanced covariate distribu-
tions, at least for observed covariates, using propensity score matching [3, 4, 5, 6].
The propensity score, e(x), is the probability of being assigned to receive the treat-
ment given a vector of covariate values x. That is, e(x) = P (R = 1|x), where
R = 1 if assigned to treatment and R = 0 if assigned to control. When two large
groups have the same distributions of e(x), the groups should have similar distri-
butions of x [3]. Thus, to balance observed covariate distributions in observational
studies, analysts can create a matched control group by selecting control records
with similar propensity scores as the treated records. Analysts can check the suc-
cess of the matching by verifying that the distributions of the covariates are similar
in the two groups. If balance is satisfactory, the outcomes in this matched control
group then are compared to the outcomes in the treatment group to estimate causal
effects.

Propensity scores are rarely known exactly and must be estimated from the
data. A commonly used approach is to fit a logistic regression of R on x with
main effects for each causally-relevant x, and use the estimated probabilities as
the propensity scores. While easy to fit, this logistic regression assumes linearity
between the logistic link function and the covariates. However, linearity might
inaccurately describe the relationships between assignment and the covariates,
which could impact the success of matching. Including high order polynomial
functions of x can help account for non-linearity, but these can be unwieldy when
there are many predictors in x, particularly when interactions are included in the
logistic regression.

In this paper, we investigate the usefulness of generalized additive models [7],
abbreviated as GAMs, for estimating propensity scores. GAMs replace the linear
component of logistic regression with a flexible additive function. Because this
forces fewer restrictions on the propensity score model, using GAMs may improve
balance after matching. As done in other studies of propensity score methodology
[8, 9, 10, 11], we evaluate this hypothesis using empirical studies. In Section 2, we

2



simulate assignment to treatment given two covariates taken from genuine data,
and perform propensity score matching based on logistic regressions and GAMs.
The studies show that using GAMs can improve covariate balance over using lo-
gistic regressions, particularly for higher order moments and fine features of the
covariate distributions. In Section 3, we construct two observational studies—one
with adequate overlap in covariate distributions and one with minimal overlap—
using genuine data. When there is sufficient overlap, the results again favor GAM
over logistic regression. When there is insufficient overlap, the GAM reveals this
problem more clearly than the logistic regression does. Finally, in Section 4, we
provide some general remarks about estimation of propensity scores.

2 Empirical Study Using Simulated Assignments
The covariate data, x, comprise 5,000 heads of households and two variables,
person age (xA) and household property taxes (xP ), randomly sampled from the
March 2000 Current Population Survey. We simulate treatment assignments by
drawing from Bernoulli random variables with e(x) = Pr(R = 1|x) computed
from four different scenarios:
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where z = (zA, zP ) is a standardized version of x = (xA, xP ) computed with the
means and variances of all 5,000 records. We refer to the scenario in (1) as the
linear case, in (2) as the quadratic case, in (3) as the cubic case, and in (4) as the
complex case. For each scenario, around 4,000 units are assigned to the control
group and 1,000 to the treated group. We simulate 100 allocations of treatment
assignments.

We consider propensity score estimation using four models. All models in-
clude xA and xP as predictors. These four models are (i) a logistic regression with
main effects only, (ii) a logistic regression with main effects and interactions, (iii)
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a GAM with main effects only, and (iv) a GAM with main effects and interac-
tions. We use four degrees freedom for the smoothing splines in the GAMs. After
estimating the propensity scores, ê(x), for each treated unit j we find the unit k
among all control records such that |ê(xj) − ê(xk)| is minimized. For simplicity,
we match with replacement.

To evaluate balance in the covariate distributions after matching, in each repli-
cation i, where 1 ≤ i ≤ 100, we compute the means, standard deviations, and the
tenth and ninetieth percentiles of xA and xP for both the treated and matched con-
trol groups. We also compute the correlation, ρ, between xA and xP in each group.
For each of these quantities, we compute the mean squared difference across the
100 replications between the treatment and matched control group quantities,

MSDk =
100
∑

i=1

(q
(t)
ik − q

(mc)
ik )2/100, (5)

where q
(t)
ik and q

(mc)
ik represent the value of the kth quantity in replication i for the

treated and matched control groups, respectively. Values of MSDk = 0 indicate
that the treated and matched control units have exactly the same value of the kth
quantity in all 100 replications. For any one quantity, the value of MSDk is rela-
tively large when the treated and control units values of that quantity are usually
far apart in the replications.

Table 1 displays the MSDs for the four assignment scenarios and four propen-
sity score models. It also displays the MSDs when using the true propensity score
functions in (1) - (4) to estimate e(x). The MSDs associated with property tax
quantities are much larger than those associated with age quantities because prop-
erty tax ranges from 0 to 100,000, whereas age ranges from 15 to 90. Property tax
has many zero values, which explains why MSD = 0 for the tenth percentile of
property tax.

For the linear case, all four models perform reasonably well at balancing co-
variates. In aggregate, the GAM with interactions slightly outperforms the others,
as it has the smallest or second smallest MSD across the quantities, including
noticeably smaller values for the standard deviations and the correlation. The
competitive performance of the logistic regression models is not surprising here,
since linearity is a correct assumption. However, once linearity does not apply, the
GAMs do a much better job at balancing covariate distributions, particularly for
standard deviations: the MSDs are typically orders of magnitude smaller when
using the GAMs. Including interactions in the models improves balance in the
correlations, although this sometimes is accompanied with degraded balance on
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means and percentiles. We note that matching on estimated propensity scores typ-
ically performs better than matching on true ones, as has been recognized by [12]
and [13].

3 Constructed Observational Studies
We now construct two observational studies using data from a randomized exper-
iment and from the National Longitudinal Survey of Youth (NLSY). These data
also were used by [14] and [15], who illustrated the benefits of propensity score
matching using logistic regressions to estimate e(x). The experiment is the In-
fant Health and Development Program (IHDP), which randomized 377 low birth
weight infants to an intensive child care program and 608 low birth weight infants
to a control program. Details on the design of the experiment are available in [16],
[17], and [18].

As described in [15], the NLSY is a panel survey that began in 1979 with
a sample of approximately 12,000 teenagers who, appropriately weighted, were
nationally representative at that time. These participants were interviewed every
year thereafter until 1994 and biannually after that. We restrict the NLSY data to
the 4,511 children born from 1981 to 1989, because the IHDP began in 1985. We
assume that none of the NLSY children received the intensive child care. Thus,
the reservoir of control units in our constructed observational study comprises the
4,511 NLSY and 608 IHDP infants assigned to the control group. We simplify
analyses by using only records with completely observed data, which leaves 357
treated units and 4263 control units.

The background variables include mother’s ethnicity, mother’s age and educa-
tional attainment at time of birth of child, whether worked in the year before the
child was born, child’s sex, birth weight, age in months, and indicator for born
pre-term. As evident in Table 2, these covariates are not balanced in the treated
and full control groups. The distributions of birth weight, days in the hospital,
weeks pre-term, and mothers’ races are very different in the two groups. Table 3
shows that some correlations also are far apart, notably the correlation between
mother’s and child’s age and weeks pre-term and child’s age.

We therefore use propensity score matching to create groups of matched con-
trols. Because the 608 controls from the IHDP are in the full control reservoir,
we know that the covariate distributions overlap adequately. As in Section 2, we
estimate propensity scores using logistic regressions and GAMs, both with main
effects only in the models. The match for each treated child is the child in the full
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control reservoir whose estimated propensity score is closest to the treated child’s
score. We report the results from matching with replacement; matching without
replacement produces very similar covariate distributions.

As evident in Tables 2 and 3, propensity score matching improves covariate
balance, regardless of whether one uses logistic regression or GAM. The two
models do not produce radically different balance in terms of means. Still, when
comparing the two models, the means of the matched control group based on the
GAM are closer to the means for the treated group for 10 out of 17 covariates. The
story for higher order moments is clearer. Matching with GAM generates better
balance with respect to the standard deviations, particularly for birth weight and
child’s age. And, as evident in Table 3, matching with GAM is more effective at
balancing the correlations.

The box plots in Figure 1 show further evidence of the advantages of GAM
over logistic regression in these data. Age and birth weight have very different
distributions in the treated and full control groups. While matching with logis-
tic regression improves balance, the distributions of these two covariates remain
noticeably different from those in the treatment group even after matching. After
matching based on GAM, the distributions more faithfully resemble those in the
treated group.

Because the IHDP controls were in the reservoir, we were guaranteed to have
decent overlap in the covariate distributions. We now examine a case without this
guarantee. Specifically, we drop the 608 controls from the reservoir, leaving only
the NLSY infants available for matching. As shown in Figure 2, the propensity
scores for the full control group differ dramatically from those for the treatment
group when using the GAM. We would be reluctant to match with such disparity.
Indeed, as displayed in Table 4, matching with replacement using GAM performs
poorly; for example, all matched controls received prenatal care and none are His-
panic. In fact, because of the severe lack of overlap in the propensity scores, one
control observation is used as a match 301 times. Matching without replacement
does not fix the lack of balance, leading to many matched control children with
higher birth weights and fewer days in the hospital than treated children.

The propensity score distributions for the treated and full control groups over-
lap more when using logistic regression, as shown in Figure 3, than when using
the GAM. After matching, this results in better covariate balance with respect to
means and standard deviations, as shown in Table 4. However, substantial imbal-
ance remains in the distributions of birth weight (the means differ by more than
two standard deviations), child age (much higher variability for matched controls),
mother’s age (smaller variability for matched controls), and education levels.
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In this dataset with minimal overlap, the GAM sharply discriminates between
the treated and control records, whereas the logistic regression does not. This is
not a failure of the GAM; rather, it reflects differences in features of the covariate
distributions that are not picked up by the linear function of the predictors in the
logistic regression.

4 Concluding Remarks
The simulations here suggest that estimating propensity scores with generalized
additive models can improve balance in covariates relative to estimating propen-
sity scores with logistic regressions, at least when there is adequate overlap in
the covariate distributions. GAMs eliminate the need to include many high order
terms, such as quadratic or cubic terms, which can be advantageous when there
are many potentially relevant confounders to be included in the models.

Even with the evidence presented here, we do not recommend that analysts
rule out logistic regression as a viable approach to estimating propensity scores.
Analysts can perform the matching using both models, and select the matched
control group that gives the best overall balance. Balance should be judged not
only by similarity of means, but by similarity of entire distributions, which can be
examined with histograms and other graphical tools.

This article did not discuss methods of matching other than nearest neigh-
bor. However, we did try an alternative algorithm, genetic matching [19], in the
constructed observational study. When the covariate distributions had minimal
overlap, using genetic matching produced matched control groups with similar
characteristics whether using GAM or logistic regression to estimate propensity
scores. This suggests that the matching method and possibly its interaction with
the estimation method can substantially impact covariate balance. Future study is
needed to investigate this interaction.
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AGE PROPERTY TAX
Mean SD 10% 90% Mean SD 10% 90% ρ

Linear Case
Logistic with Main .093 .044 .215 1.105 1390 1821 0 11488 .00087
Logistic with Inter .088 .048 .218 .891 1327 2135 0 11483 .00086
GAM with Main .085 .054 .204 1.100 1438 1978 0 8367 .00095
GAM with Inter .066 .039 .152 1.002 1400 1537 0 8670 .00052
True e(x) .054 .064 .174 .071 850 3670 0 9620 .00104

Quadratic Case
Logistic with Main 3.10 9.646 4.203 52.94 1529 28732 0 16468 .012
Logistic with Inter .82 8.568 6.102 39.13 2141 233657 0 17462 .002
GAM with Main .29 .012 .273 .95 1640 920 0 10400 .017
GAM .11 .021 .341 .52 2330 1533 0 13669 .0006
True e(x) .15 .027 .287 .70 1327 2277 0 15730 .0011

Cubic Case
Logistic with Main 1.46 1.56 .42 7.95 17971 10775 0 89730 .013
Logistic with Inter 1.74 2.17 .37 10.50 19074 9775 0 90982 .019
GAM with Main .15 .16 .23 1.18 12141 5317 0 104658 .017
GAM .16 .25 .27 1.80 11322 5241 0 85633 .013
True e(x) .15 .21 .20 1.38 9896 6662 0 110845 .018

Complex Case
Logistic with Main 1.80 10.87 3.77 48.48 1588 41337 0 24993 .00257
Logistic with Inter 2.46 12.20 3.31 58.93 3765 278315 0 25346 .00614
GAM with Main .10 .099 .25 .54 1853 1297 0 16163 .00654
GAM .13 .014 .43 .81 2805 1448 0 17914 .00069
True e(x) .15 .015 .17 .66 5601 4537 0 59402 .00098

Table 1: Mean squared differences between treated and matched control groups
for covariate distributions.
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Treated Full Control Matched Control
Mean (SD) Mean (SD) Logistic GAM

Mother
Age(yrs) 24.8 (5.8) 23.8 (3.7) 24.4 (5.5) 24.5 (5.7)
Hispanic .11 (.31) .19 (.39) .07 (.26) .09 (.29)
Black .53 (.40) .32 (.46) .55 (.50) .52 (.50)
White .36 (.48) .49 (.50) .37 (.48) .38 (.49)
Married .43 (.49) .66 (.47) .48 (.50) .43 (.49)
No HS .41 (.49) .31 (.46) .40 (.49) .39 (.49)
HS .29 (.45) .41 (.49) .30 (.46) .31 (.46)
Some college .17 (.38) .20 (.40) .20 (.40) .18 (.39)
College .13 (.33) .08 (.28) .10 (.30) .12 (.33)
Working .60 (.49) .62(.48) .60 (.49) .61 (.49)
Prenatal care .95 (.21) .98 (.12) .95 (.21) .97 (.18)
Child
Birth Weight 1821 (435) 3106 (785) 1783 (529) 1809 (428)
Days in Hospital 23.6 (22.7) 7.4 (13.5) 24.1 (21.6) 24.9 (24.8)
Age 1990 (mos.) 56.8 (2.0) 57.8 (27.2) 57.4 (15.4) 56.7 (2.0)
Weeks Pre-term 6.9 (2.5) 2.0 (3.0) 7.0 (2.8) 7.1 (2.7)
Sex (1=female) .51 (.50) .50 (.50) .48 (.50) .50 (.50)
First born .47 (.50) .43 (.49) .43 (.49) .48 (.50)

Table 2: Means and standard deviations of the covariates in treated, full control,
and matched control groups, including the 608 controls from the IHDP.
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Age Birth Weight Days in Hospital Weeks Pre-term
Mom Age Treated .069 -.051 .049 .076

Full Control -.567 -.039 .097 .098
Logistic -.193 -.058 .115 .131
GAM .089 -.050 .117 .086

Age Treated -.102 .184 .147
Full Control -.032 .007 -.036
Logistic .054 .004 .021
GAM -.221 .263 .241

Birth Weight Treated -.800 -.753
Full Control -.625 -.731
Logistic -.833 -.669
GAM -.808 -.756

Days in Hospital Treated .753
Full Control .681
Logistic .778
GAM .735

Table 3: Correlations of the covariates in the treated, full control, and matched
control groups, including the 608 IHDP controls.
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Figure 1: Box plots of age and birth weight in the constructed observational study,
including the 608 controls from the IHDP.
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Treated Full Control Matched
Mean (SD) Mean (SD) Logistic GAM

Mother
Age(yrs) 24.8 (5.8) 23.6 (3.2) 24.0 (3.2) 24.0 (1.2)
Hispanic .11 (.30) .21 (.40) .15 (.36) .00 (.00)
Black .53 (.50) .29 (.45) .49 (.50) .85 (.35)
White .36 (.48) .51 (.50) .36 (.48) .15 (.35)
Married .43 (.49) .69 (.46) .48 (.50) .11 (.31)
No HS .41 (.49) .30 (.46) .36 (.48) .06 (.23)
HS .29 (.45) .43 (.49) .42 (.49) .10 (.30)
Some college .17 (.38) .19 (.39) .17 (.38) .003 (.05)
College .13 (.33) .08 (.27) .05 (.22) .84 (.36)
Working .60 (.49) .63(.48) .64 (.48) .90 (.29)
Prenatal care .95 (.21) .99 (.11) .99 (.12) 1.00 (.00)
Child
Birth Weight 1821 (435) 3314 (599) 1688 (591) 1086 (431)
Days in Hospital 23.6 (22.7) 4.5 (7.3) 25.7 (26.3) 60.6 (22.4)
Age 1990 (mos.) 56.8 (2.0) 57.9 (29.2) 54.4 (26.3) 58.7 (.9)
Weeks Pre-term 6.9 (2.5) 1.2 (2.1) 7.1 (3.8) 10.2 (2.1)
Sex (1=female) .51 (.50) .51 (.50) .52 (.50) .05 (.21)
First born .47 (.50) .43 (.49) .47 (.50) .88 (.33)

Table 4: Means and standard deviations of covariates in treated, control and
matched groups, excluding the 608 controls from the IHDP.

13



-200 -150 -100 -50 0 50

0
50

10
0

15
0

20
0

Control

linear predictor

-200 -150 -100 -50 0 50

0
20

40
60

80
12

0

Treatment

linear predictor

Figure 2: Histograms of the linear predictors for the propensity score when using
the GAM, excluding the 608 controls from the IHDP

14



-20 -15 -10 -5 0 5

0
10

0
20

0
30

0

Control

linear predictor

-20 -15 -10 -5 0 5

0
10

20
30

40

Treatment

linear predictor

Figure 3: Histograms of the linear predictors for the propensity score when using
the logistic regression, excluding the 608 controls from the IHDP
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