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Abstract

We develop a one-sided Wald test for positive assortative mating (PAM) that tests the null of

random matching against the alternative of PAM. The test projects the estimated local log-odds

vector onto the non-negative orthant, and the resulting squared distance is the test statistic,

which is χ̄2 under the null. Simulations show that the test detects weak assortative mating at

moderate sample sizes. Empirical applications to CPS predicted-wage quintiles and to same-sex

married couples reject random matching.
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1 Introduction

This paper develops a one-sided Wald test for positive assortative mating (PAM). A number of

empirical studies on sorting in the marriage market have investigated the intensity of assortative

mating and how the strength of assortative mating has changed over time using structural (Green-

wood et al., 2014; Chiappori et al., 2017; Gualdani and Sinha, 2023) or non-structural (Liu and

Lu, 2006; Eika et al., 2019) approaches. Meanwhile, only a handful of econometric tests have been

developed for testing PAM that practitioners can readily apply without specifying a structural

model (Anderson and Leo, 2013; Siow, 2015).

Broadly, the literature examining PAM features two main approaches. The first constructs

indices of sorting, typically by comparing observed match probabilities to counterfactual match

probabilities under random pairing. This method measures the intensity of sorting without explic-

itly modeling individual preferences. Notable examples in this vein include Liu and Lu (2006) and
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Eika et al. (2019).1 While Liu and Lu (2006) construct descriptive indices of assortative mating and

Eika et al. (2019) develop indices and further examine trends and decompositions, neither study

provides a formal hypothesis test or statistical inference procedure to determine the presence of

positive assortative mating.2

Another strand of literature is a choice-based framework initiated by Choo and Siow (2006b).

They propose a marriage matching function, which is based on the transferable utility matching

framework with random preferences.3 The critical assumptions of Choo and Siow (2006b) are (a)

additive separability of joint surplus, (b) a large marriage market, and (c) an extreme value distri-

bution of the shock (Galichon and Salanié, 2021a). Choo and Siow (2006a) applied the marriage

matching function to quantify the effect of the legalization of abortion on gains to marriage.

Building on the transferable utility framework, subsequent studies have extended the Choo

and Siow (2006b) model in multiple directions. For instance, Chiappori et al. (2017) incorporate

parental investment into a structural marriage model, embedding it in the original Choo and Siow

formulation to measure changing returns to education in the U.S. marriage market. Mourifié and

Siow (2021) introduce peer effects, Dupuy and Galichon (2014) adapt the framework to continuous

attributes using Dagsvik’s (1994; 2000) continuous choice structure, and Galichon and Salanié

(2021b) show that the extreme value assumption can be relaxed. In a related vein, Fernández and

Rogerson (2001) use a search model that delivers PAM but focus on how the degree of sorting

correlates with wage gaps and other economic variables. Agarwal and Diamond (2017) develop

methods for identifying latent indices in assortative matching models. While these structural

approaches are powerful for understanding matching behaviors, they often require significant effort

in terms of modeling and computation.

Siow (2015) proposes two likelihood-ratio tests within the Choo and Siow (2006a) framework,

taking PAM as the null. Both tests are based on the local log-odds ratios, which measure com-

plementarity between adjacent type pairs: total positivity of order two (TP2) requires every local

log-odds ratio to be non-negative, while diagonal positivity of order two (DP2) requires only the

diagonal ratios to be non-negative. These tests evaluate whether the full matching distribution

satisfies the strict TP2 or DP2 restriction. When some individual log-odds ratios are negative

even though most are positive, Siow’s tests count those negative components as violations and

reject PAM, particularly at larger sample sizes where the negative components are statistically

distinguishable from zero.

1Fernández and Rogerson (2001), Greenwood et al. (2014), and Abbott et al. (2019) apply similar ideas in the
marital matching stage of their structural models.

2Researchers have developed different methods to test hypotheses related to assortative mating, although not all
directly focus on assessing the positivity of assortative mating. These studies examine related but distinct questions,
focusing on temporal changes in educational homogamy (Chiappori et al., 2017), peer and scale effects in matching
(Mourifié and Siow, 2021), and set identification under nonparametric distributional assumptions (Gualdani and
Sinha, 2023).

3See Chiappori and Salanié (2016) for the survey of the empirical marriage matching models under different
assumptions: transferable utility, non-transferable utility, and imperfectly transferable utility models. Also, See
Fox (2010, 2018); Fox et al. (2018) for an alternative method employing a maximum score approach based on the
rank-order property associated with sorting, and Suen and Lui (1999) for a correlation-based test.
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We develop a one-sided Wald test that tests random matching against the alternative of PAM.

The test projects the estimated log-odds vector onto the non-negative orthant and computes a

constrained Wald statistic. Under the null, this statistic follows a χ̄2 distribution (Kudo, 1963;

Shapiro, 1988). We conduct inference using a simulated chi-bar-squared p-value, computed from

Monte Carlo mixing weights at the estimated null covariance (Kodde and Palm, 1986; Wolak, 1987;

Silvapulle and Sen, 2005).

Our approach complements Siow (2015). The two tests answer different questions: Siow’s

test asks whether the data are consistent with the strict TP2 or DP2 structure, while our test

asks whether the local log-odds ratios collectively point toward PAM. Simulations and empirical

applications in Sections 3 and 4 show that these questions can lead to different verdicts on the same

dataset.

We explain our proposed test in Section 2. In Section 3, we compare the performance of the

one-sided test with existing approaches under varying intensities of assortative mating. Section 4

provides empirical examples. Section 5 concludes.

2 A One-Sided Wald Test for PAM

2.1 Setup and Notation

Suppose there are I types of men, i = 1, 2, . . . , I, and J types of women, j = 1, 2, . . . , J , where

types are vertically ordered. Let nij be the number of observations where a type-i male is matched

with a type-j female, and define

N =

I∑
i=1

J∑
j=1

nij

as the total number of sampled marriages. Let pij be the probability that a randomly sampled

marriage is of type ij. Following Siow (2015), consider the unrestricted likelihood problem:

max
{pij}

I∑
i=1

J∑
j=1

nij log pij (1)

subject to

I∑
i=1

J∑
j=1

pij = 1.

The unrestricted MLE of {pij} is

p̂u =
{
p̂uij

}
with p̂uij =

nij

N
.

The local log-odds ratio for (i, j) is defined as

Rij = log pij + log pi+1,j+1 − log pi,j+1 − log pi+1,j . (2)
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Here, Rij measures how strongly types i and j complement each other relative to cross-type matches

(i, j + 1) and (i+ 1, j).

Positive assortative mating corresponds to Rij ≥ 0 for all (i, j), which is equivalent to the TP2

condition of Siow (2015) and to supermodularity of the matching surplus function (Choo and Siow,

2006b).

Define the stacked vector R̂ =
(
R̂1,1, . . . , R̂I−1,1

∣∣ R̂1,2, . . . , R̂I−1,2

∣∣ · · · ∣∣ R̂1,J−1, . . . , R̂I−1,J−1

)⊤
,

which has length K = (I − 1)(J − 1).

Asymptotics. By the multinomial CLT applied to p̂ij and the delta method applied to log p̂ij ,

√
N

(
R̂−R

) d
=⇒ N

(
0, C(R)

)
, (3)

where C(R) is the K×K asymptotic covariance matrix whose elements are given by the V ar(Rij)

and Cov(Rij , Rkℓ) formulas (see Appendix A).

2.2 One-Sided Wald Test

We test random matching against the one-sided alternative of PAM:

H0 : R = 0 vs. H1 : R ≥ 0 (with at least one strict inequality). (4)

This is a problem of testing equality constraints against inequality constraints following Kodde and

Palm (1986), which develop a Wald-type test with known asymptotic properties.4

Construction. Under H0, cell probabilities satisfy independence: pij = xiyj . The plug-in covari-

ance Ĉ0 is constructed by substituting independence probabilities p̂ 0
ij = x̂i ŷj into the closed-form

variance/covariance expressions (see Appendix A).

The one-sided Wald statistic is constructed by projecting R̂ onto the non-negative orthant

{R ≥ 0} under the Ĉ−1
0 metric:

R̃ = argmin
R≥0

(R̂−R)⊤ Ĉ−1
0 (R̂−R). (5)

This is a quadratic program with non-negativity constraints, which can be solved efficiently using

standard solvers. The one-sided Wald statistic is the squared distance from the origin to the

projection:

TOS = N R̃
⊤
Ĉ−1
0 R̃. (6)

Interpretation. When all components of R̂ are non-negative (consistent with PAM), the projec-

4The alternative uses weak inequalities (≥) rather than strict inequalities (>) because the χ̄2 theory requires a
closed constraint set. The clause “with at least one strict inequality” simply excludes R = 0 (the null) from the
alternative. This formulation is standard in the constrained inference literature (Kodde and Palm, 1986; Wolak, 1989;
Silvapulle and Sen, 2005).
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tion R̃ = R̂ and TOS equals the unconstrained quadratic form N R̂
⊤
Ĉ−1
0 R̂: the full signal points

toward PAM. When some components of R̂ are negative, the projection sets those to zero, reducing

TOS : the test discounts evidence against PAM.

2.3 Chi-Bar-Squared Distribution and Critical Values

Under H0, the one-sided Wald statistic TOS follows a χ̄2 distribution (Kudo, 1963; Kodde and

Palm, 1986; Gourieroux et al., 1982; Wolak, 1989; Shapiro, 1988; Silvapulle and Sen, 2005):

TOS
d
=⇒ χ̄2 =

K∑
k=0

wk χ
2
k, (7)

a mixture of chi-squared distributions where wk is the probability that the projection of N (0, C0)

onto {R ≥ 0} has exactly k strictly positive components. By convention, χ2
0 is a point mass at

zero.

The mixing weights {wk} depend on C0 and are generally difficult to compute analytically

for K > 3, but they admit a simple probabilistic characterization (Kudo, 1963): wk equals the

probability that a draw from N (0, C0), projected onto the non-negative orthant under C−1
0 , has

exactly k strictly positive components. This characterization makes the weights straightforward to

estimate by Monte Carlo simulation, an approach introduced by Kodde and Palm (1986); Wolak

(1987).

Monte Carlo computation of the mixing weights. We estimate {wk} at the plug-in null

covariance Ĉ0 by the following procedure (Wolak, 1987; Silvapulle and Sen, 2005):

1. Draw B independent vectors z(b) ∼ N (0, Ĉ0).

2. For each draw, project onto {R ≥ 0} under the Ĉ−1
0 metric and count the number of strictly

positive components.

3. Estimate ŵk as the fraction of draws with exactly k positive components.

The simulated χ̄2 p-value is

p̂ =

K∑
k=0

ŵk

(
1− Fχ2

k
(TOS)

)
,

where Fχ2
k
is the CDF of χ2

k and Fχ2
0
(0) = 1 by convention. In all empirical and simulation results

reported below, we use B = 10,000 Monte Carlo draws. The p-value exploits the specific Ĉ0 implied

by the data, so it delivers a continuous assessment of the evidence against H0.

2.4 Relationship to Siow (2015)

Siow (2015) tests PAM using likelihood ratio (LR) tests that compare the unrestricted MLE to the

MLE obtained under PAM restrictions: total positivity of order 2 (TP2), which requires Rij ≥ 0
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for all (i, j) pairs, and diagonal positivity of order 2 (DP2), which requires Rii ≥ 0 only along

the diagonal (same-type matches). Rejection of the TP2 or DP2 test means the corresponding

restriction worsens the fit, which Siow interprets as evidence against PAM. Our test complements

this approach by asking whether the local log-odds ratios collectively point toward PAM.

The two frameworks ask different questions. Siow’s tests evaluate whether the full matching

distribution satisfies the TP2 or DP2 structural property. Our one-sided Wald test evaluates the

weaker question of whether the local log-odds ratios collectively point toward PAM: that is, whether

the estimated R lies far from the random-matching null in the direction of the PAM cone. When

some individual Rij values are negative even though most are positive, the strict TP2 restriction

Rij ≥ 0 for all (i, j) is violated, but the estimated R may still lie far from 0 in the PAM direction.

In that case, Siow’s test rejects TP2, while our test rejects random matching toward PAM: we

project the estimate onto the PAM cone and measure the distance from the random-matching null,

so a handful of negative components does not reverse the verdict when the overall signal is positive.

A second distinction concerns the direction of rejection. Random matching (R = 0) lies on

the boundary of both the TP2 and DP2 constraint sets, since 0 ≥ 0. Siow’s tests therefore do

not reject under random matching, which means a non-rejection does not establish that positive

sorting is present.5 Our test reverses the null, so a rejection is direct evidence for PAM.

In the simulations (Section 3) and the empirical applications (Section 4) below, we show that

these distinctions produce substantively different verdicts: Siow’s TP2 test frequently returns a

“no PAM” implication at large sample sizes or in wage applications where the literature documents

positive assortative mating. The one-sided Wald test identifies PAM in those same cases, consistent

with the documented patterns.

3 Properties of the Proposed Test

We provide a simulation-based analysis of the finite-sample properties of our one-sided test to

corroborate the asymptotic theory stated above. We compare the one-sided test with the tests of

Siow (2015).

We specify an auxiliary model of assortative mating, which we use to (i) simulate the distribution

of our test statistics and (ii) compare test methods. Define a male as having an integer value of xi

between 1 and 5, and define a female as having an integer value of xj between 1 and 5. Assume

that the density of matches in an economy is

f (xi, xj) =
exp {−α |xi − xj |+ εi,j}∑I

x
′
i=1

∑J
x
′
j=1

exp
{
−α

∣∣∣x′
i − x

′
j

∣∣∣+ εi,j

} (8)

where εi,j ∼ N(0, σ2).6

Figure 1 shows the contour of f (xi, xj) as (xi, xj) moves from (1, 5) to (5, 1) for α = 0, 0.1,

5Our simulation results support this claim.
6Note that

∑I
xi=1

∑J
xj=1 f (xi, xj) = 1.
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Figure 1: Matching density f(xi, xj) by coordinate difference xi − xj , for α ∈ {0, 0.1, 0.4, 0.8}.

0.4, and 0.8. As α increases, assortative mating becomes stronger, with increased density along the

diagonal where the difference in coordinates is 0.

We evaluate the finite-sample size and power of the one-sided Wald test and compare its verdicts

with those of the TP2 and DP2 tests of Siow (2015). The estimated assortative mating intensity

α for the 2000 Census dataset is 0.798 ≈ 0.8. We simulate the DGP in equation (8) for α ∈
{0, 0.1, 0.4, 0.8} and three sample sizes n ∈ {500, 2,000, 120,000}, with 100 Monte Carlo replicates

per cell. Simulated χ̄2 p-values are computed from B = 10,000 mixing-weight draws at the Ĉ0.

Figure 2: Power of the one-sided Wald test. Rejection rate at the 5% level as a function of the
DGP α, for three sample sizes.

Power. Figure 2 shows the power function of the one-sided Wald test: the rejection rate at the

5% level as a function of the DGP α, with one curve per sample size. At n = 500 the test has
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weaker power against weak assortative mating, but it quickly gains power as α increases and reaches

full power by α = 0.4. At n = 2,000 the power function rises sharply: the test rejects in 99% of

replicates already at α = 0.1, and in 100% at α ≥ 0.2. At n = 120,000 the power function is

effectively a step at α = 0.

Table 1: Verdict for Positive Assortative Mating (PAM) by Test Method

α = 0 α = 0.1 α = 0.4 α = 0.8

n Wald TP2 DP2 Wald TP2 DP2 Wald TP2 DP2 Wald TP2 DP2

500 N P P P P P P P P P P P

2,000 N P P P P P P P P P P P

120,000 P N N P N P P N P P N P

Notes: Wald = One-sided Wald (this paper). TP2 and DP2 refer to tests by Siow (2015). “P” indicates
evidence for PAM, and “N” indicates no evidence. For our test, “P” means rejection of random matching
toward the PAM direction. For Siow’s tests, “P” means failure to reject PAM restrictions.

Table 2: Test Statistics by N and α

N α = 0.0 α = 0.1 α = 0.4 α = 0.8

Panel A: One-Sided Wald (this paper)
500 3.68 15.30∗ 102.38∗∗∗ 338.14∗∗∗

2,000 5.47 34.82∗∗∗ 365.86∗∗∗ 1398.37∗∗∗

120,000 144.60∗∗ 1783.75∗∗∗ 20 947.58∗∗∗ 80 659.84∗∗∗

Panel B: TP2 of Siow (2015)
500 15.69 11.21 9.17 8.63

2,000 23.33 16.76 11.94 10.98
120,000 638.38∗∗∗ 401.57∗∗∗ 333.50∗∗∗ 238.77∗∗∗

Panel C: DP2 of Siow (2015)
500 2.07 1.24 0.02 7.8× 10−7

2,000 3.55 1.06 9.8× 10−5 1.2× 10−6

120,000 92.21∗ 20.35 1.3× 10−5 3.4× 10−5

Note: * p ≤ 0.10, ** p ≤ 0.05, *** p ≤ 0.01. For the one-sided Wald,
p-values are computed using χ̄2 Monte Carlo weights. For TP2 and DP2,
p-values use parametric bootstrap.

The one-sided Wald test differentiates weak assortative mating well from random matching.

Table 2 reports average test statistics and the simulated χ̄2 p-values for the one-sided Wald test

(Panel A) and the TP2 and DP2 tests of Siow (2015) (Panels B and C). Stars are based on the

average p-value across the 100 Monte Carlo replicates. At α = 0.1, the mean p-value of the one-

sided Wald test falls from 0.051 at n = 500 to 0.002 at n = 2,000 and below 10−4 at n = 120,000:

the test detects weak PAM at the 5% level once the sample reaches n = 2,000 and at the 1% level
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thereafter.

Comparison with Siow (2015). Panels B and C of Table 2 and Table 1 report the corresponding

figures for the TP2 and DP2 tests. At α = 0.1 and n ∈ {500, 2,000}, Siow’s TP2 and DP2 tests

fail to reject their restrictions, which is the same verdict the tests return at α = 0, α = 0.4, and

α = 0.8. At moderate sample sizes, Siow’s tests therefore cannot distinguish weak PAM from the

null or from stronger sorting. The one-sided Wald statistic, by contrast, rises monotonically with

α at every sample size.

At n = 120,000, Siow’s TP2 test rejects its restriction at every positive α, delivering the opposite

verdict of “no PAM” even though positive sorting is unambiguously present. The mechanism is the

one discussed in Section 2.4: at large n, the cell shocks εi,j push some individual Rij values below

zero, and Siow’s test counts those negative components as violations of the strict TP2 restriction.

DP2 does not exhibit this failure in our simulations because the restriction is imposed only on the

diagonal where the sorting signal concentrates under our DGP; DP2 therefore correctly identifies

PAM at every positive α at n = 120,000.

4 Empirical Applications

4.1 Assortative Mating on Predicted Wage

We test PAM using predicted wages based on within-gender wage quintiles from the CPS March

2000 sample (N = 12,497 married households). Compared with discrete measures, using wage

provides a finer, continuous metric of assortative mating. Also, the rank measure is scale-invariant

and robust to outliers.7 We employ a two-step estimation procedure (Heckman, 1979) and use

predicted log wages to construct our predicted wage measures.

Table 3 presents the contingency tables by (a) education and (b) predicted wage quintiles.8

Compared to the five-category education matrix, the wage-rank table exhibits greater dispersion

from the main diagonal, reflecting within-education variation captured by rank measures. The

diagonal components in the education matching table (Table 3(a)) sum to 0.508, but those in

the wage-rank matching table (Table 3(b)) sum to only 0.339, indicating greater dispersion in the

predicted wage matching table.

Table 5 reports the results of the tests using predicted wage quintiles. The one-sided Wald

statistic is TOS = 6620.01, and the simulated χ̄2 p-value computed from Monte Carlo mixing

weights is below 10−4. The test rejects the null of random matching. Of the 16 estimated local log-

odds ratios, 11 are positive and 5 are negative; the one-sided test projects the negative components

7Several studies have employed income rank as the measure of assortative mating (Fagereng et al., 2022; Holmlund,
2022; Almås et al., 2023).

8While the literature often employs deciles (Fagereng et al., 2022), we use quintiles for fair comparison with
educational assortative mating, which usually has five discrete measures. The results of our tests are robust to the
number of matching indices.
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Table 3: CPS 2000 Matching Table

(a) Matching Table by Education

Female Education
Male Education Below

High
High Some Col Bachelor Graduate

Below High 0.101 0.048 0.018 0.003 0.001
High 0.040 0.191 0.075 0.021 0.004
Some Col 0.014 0.079 0.118 0.032 0.007
Bachelor 0.002 0.032 0.048 0.073 0.014
Graduate 0.001 0.008 0.016 0.033 0.025

(b) Matching Table by Predicted Wage Quintiles

Female Wage Quintile
Male Wage
Quintile

Q1 Q2 Q3 Q4 Q5

Q1 0.101 0.050 0.034 0.011 0.004
Q2 0.054 0.040 0.060 0.030 0.016
Q3 0.028 0.042 0.047 0.056 0.027
Q4 0.013 0.039 0.030 0.058 0.060
Q5 0.005 0.029 0.029 0.044 0.093

Notes: Entries are matching probabilities. Rows denote male spouse’s category, and columns
denote female spouse’s category.

Table 5: Comparison of Tests: Predicted Wage
Quintiles

Test Statistic p-value PAM

One-sided Wald 6620.01 < 10−4 P
Siow TP2 67.031 < 0.001 N
Siow DP2 13.101 < 0.001 N

Sample Size: 12,497

Note: For the one-sided Wald test, the null hypothesis is
random matching. For Siow’s TP2 and DP2 tests, the null
hypothesis is the corresponding PAM restriction. “P” indi-
cates evidence for PAM: rejection of random matching for the
one-sided Wald test, and failure to reject the PAM restriction
for Siow’s tests. “N” indicates no evidence for PAM: fail-
ure to reject random matching for the one-sided Wald test,
and rejection of the PAM restriction for Siow’s tests. The
one-sided Wald p-value is the simulated χ̄2 p-value computed
from Monte Carlo mixing weights at the estimated null co-
variance Ĉ0 with B = 10,000 draws.
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to zero and uses the remaining positive components to produce the statistic.9 This interpretation

is consistent with the stylized fact of positive assortative mating on earnings and education in the

U.S. marriage market (Greenwood et al., 2014; Chiappori et al., 2017; Eika et al., 2019).

Siow’s TP2 and DP2 tests reject their PAM restrictions on the same data. Under their frame-

work this is interpreted as evidence against PAM, which differs from the one-sided Wald verdict

and the stylized facts in the literature. This empirical contrast mirrors the n = 120,000 column

of Table 1. Of the 16 estimated local log-odds ratios, 5 are negative; at N = 12,497 the negative

values are statistically distinguishable from zero. Because Siow’s tests require Rij ≥ 0 for every

(i, j), those 5 negative components alone are sufficient to reject the restriction, even though most

Rij are positive. The one-sided Wald test, which asks whether the local log-odds ratios collectively

point toward PAM, delivers the verdict consistent with the substantive economic question.

4.2 Assortative Mating in Same-Sex Marriage

Finally, we analyze educational assortative mating among same-sex married couples using the 2019

Census data. We use the same five education categories as in Table 3(a)—below high school,

high school, some college, bachelor’s, and graduate—and construct the matching distribution over

partner pairs separately for male–male and female–female couples, as well as for the pooled sample.

Table 6 presents the results.

The sample size for same-sex married couples is 1,645, consisting of 695 male couples and 950

female couples. The one-sided Wald statistic is TOS = 776.63 for the pooled sample, 263.05 for

male couples, and 505.79 for female couples. The simulated χ̄2 p-value is below 10−4 in all three

samples, and the test rejects random matching. Siow’s DP2 test indicates PAM only for male

same-sex couples, and TP2 rejects its restriction for male couples.10

These results provide evidence of positive assortative mating in same-sex marriages. The same-

sex sample sizes (n = 695 to 1,645) fall in the range where the simulations in Section 3 show that the

one-sided Wald test has high power to detect even weak PAM (α = 0.1) with rejection rates above

99% at n = 2,000. The test statistics observed here are larger than the statistics simulated under

strong PAM (α = 0.8) at the same sample sizes, which indicates that the intensity of educational

sorting in same-sex marriages is at least as strong as the upper end of our simulation grid.

5 Conclusion

We develop a one-sided Wald test for positive assortative mating that tests the null of random

matching against the alternative of PAM. The test projects the estimated local log-odds vector

9The predicted wage quintiles are constructed using a Heckman two-step procedure (Heckman, 1979), which
assigns individuals to quintiles based on conditional mean predictions. This may attenuate measured sorting relative
to methods that draw from the full conditional distribution. We retain this approach for comparability with the
existing literature, noting that the same-sex marriage application below does not rely on imputed values.

10In contrast, Ciscato et al. (2020) find weaker assortative mating for male same-sex couples using California
samples between 2008-2012.
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Table 6: Positive Assortative Mating for Same-Sex Married Couples

Sample Test Statistic p-value PAM

All One-sided Wald 776.63 < 0.001 P
All TP2 3.62 0.507 P
All DP2 0 0.447 P
All Sample Size: 1,645

Male–male One-sided Wald 263.05 < 0.001 P
Male–male TP2 14.39 0.018 N
Male–male DP2 4.2× 10−6 0.244 P
Male–male Sample Size: 695

Female–female One-sided Wald 505.79 < 0.001 P
Female–female TP2 1.64 0.611 P
Female–female DP2 1.7× 10−5 0.018 N
Female–female Sample Size: 950

Note: “All” pools male–male and female–female couples; “Male–male” and
“Female–female” report results separately for each subsample. For the one-sided
Wald test, the null hypothesis is random matching. For Siow’s TP2 and DP2 tests,
the null hypothesis is the corresponding PAM restriction. “P” indicates evidence
for PAM: rejection of random matching for the one-sided Wald test, and failure to
reject the PAM restriction for Siow’s tests. “N” indicates no evidence for PAM:
failure to reject random matching for the one-sided Wald test, and rejection of the
PAM restriction for Siow’s tests. One-sided Wald p-values use simulated chi-bar-
squared Monte Carlo weights. For DP2 in the “All” sample, the statistic is below
machine precision and is reported as 0.

onto the non-negative orthant by quadratic programming, and the statistic follows a χ̄2 distribution

under the null. We conduct inference using the simulated χ̄2 p-value, computed from Monte Carlo

mixing weights at the estimated null covariance. The procedure follows the simulation approach of

Wolak (1987) and Silvapulle and Sen (2005).

Monte Carlo simulations demonstrate that the one-sided Wald test detects weak assortative

mating at moderate sample sizes. At α = 0.1, the simulated χ̄2 p-value falls from 0.051 at n = 500

to 0.002 at n = 2,000, so the test detects weak PAM once samples reach the low thousands.

Our test complements the restriction-based tests of Siow (2015), which target the strict struc-

tural properties TP2 and DP2. When some individual Rij values are negative even though most

Rij are positive, Siow’s tests count those negative components as violations of the strict restriction

and reject PAM. The one-sided Wald test avoids this by asking whether the local log-odds ratios

collectively point toward PAM.

Empirical applications to CPS predicted-wage quintiles and to same-sex marriage markets de-

liver decisive rejections of random matching, consistent with the well-documented presence of pos-

itive assortative mating in these settings.
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A Wald Test Derivations

In this appendix, we derive the closed-form expressions for the elements of the covariance matrix

C(R) used in the construction of the one-sided Wald statistic.

A.1 Variance of Local Log-Odds Ratios

Starting by log(p̂uij), a first order Taylor series approximation for log p̂uij is

log p̂uij ≈ log(pij) +
p̂uij − puij

puij
.

Then, using the approximation,

plim(log p̂u
ij) = log pij ,

nV ar(log p̂u
ij) =

1− pij
pij

,

nCov(log p̂u
ij , log p̂

u
kl) = −1 for (i, j) ̸= (k, l).

Hence,

nV ar(R̂ij) =nV ar
( (

log p̂uij + log p̂ui+1,j+1

)
−

(
log p̂ui+1,j + log p̂ui,j+1

) )
=
(1− pij

pij
+

1− pi+1,j+1

pi+1,j+1
+

1− pi+1,j

pi+1,j
+

1− pi,j+1

pi,j+1

)
+ 4

=
1

pij
+

1

pi+1,j
+

1

pi,j+1
+

1

pi+1,j+1
.

A.2 Covariance of Local Log–Odds Ratios

Recall the local log–odds ratio

Rij = log p̂ij + log p̂i+1,j+1 − log p̂i+1,j − log p̂i,j+1.
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Using the multinomial–delta identity

Cov
(
log p̂ab, log p̂cd

)
=

1

N

(
1{(ab) = (cd)}

pab
− 1

)
,

direct expansion of Cov(Rij , Ri+1,j+1) yields

Cov(Rij , Ri+1,j+1) =
1

N
· 1

pi+1,j+1
.

With similar procedures,

N Cov(Rij , Ri,j+1) = −
(

1

pi,j+1
+

1

pi+1,j+1

)
,

N Cov(Rij , Ri+1,j) = −
(

1

pi+1,j
+

1

pi+1,j+1

)
.

B Behavior under Negative Assortative Mating

By construction, the one-sided Wald test statistic TOS equals zero whenever all estimated local log-odds

ratios R̂ij are negative, because the projection of R̂ onto {R ≥ 0} is the zero vector. This ensures the test

does not falsely detect PAM when matching is negatively assortative.

To verify this, we repeat the simulation exercise of Section 3 using negative values of α (α = −0.1,−0.4,−0.8).

Table B.1 reports the average one-sided Wald statistic. As expected, TOS ≈ 0 for all negative α across all

sample sizes, and the rejection rate is zero. The test correctly fails to detect PAM when the true DGP

generates negative assortative mating.

Table B.1: One-Sided Wald Statistic under Negative
Assortative Mating

N α = 0.0 α = −0.1 α = −0.4 α = −0.8

500 3.68 0.61 0.00 0.00
2,000 5.53 0.15 0.00 0.00

120,000 145.18 0.19 0.00 0.00

Note: Average one-sided Wald statistic over 100 simulation replicates.
Rejection rate at 5% is 0.000 for all α < 0 across all sample sizes.

C Data

2019 Current Population Survey (CPS) ASEC

We use 2000 and 2019 CPS for the wage and the same-sex marriage analysis, respectively. The working

sample is defined by the following sequential selection rules:

1. Age. Keep only households in which both spouses are aged 16–64. This removes roughly 7–13% of

observations, depending on year.

2. Marital status. Retain legally married couples; exclude widowed, divorced, never-married and co-

habiting pairs. This step eliminates about one-half of the raw sample in recent years.
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3. Employment class. Exclude households in which either spouse is self-employed, works for govern-

ment, or is on active military duty, following Siow (2015). The rule removes 10–15% of couples each

year.

4. Missing or implausible data. Drop observations with missing schooling, race, region, or hours/weeks

information and discard hourly wages below the year-specific real federal minimum wage.

2000 Census

We replicate the selection rules used by Siow (2015). Because identical filters are applied, our Census

contingency tables are identical to those in Siow (2015).

D Heckman Two-Step Wage Prediction

First, for each gender and year we estimate a probit

y∗ij = Xijβ + εij , yij = 1{y∗ij > 0},

where Xij includes a quadratic in age, race dummies, four education dummies, region, metro status and, for

women, an indicator of at least one child under 5 years old.

Second, on the working subsample we estimate

wij = Zijγ + σuρ λij + uij ,

where Zij = Xij excluding the young-child variable (an exclusion restriction) and λij = φ(Xij β̂)/Φ(Xij β̂)

is the inverse Mills ratio. Then, we compute

w̃ij =

Zij γ̂ + σ̂uρ̂ λij , if yij = 1,

Zij γ̂ − σ̂uρ̂ λij , if yij = 0,

and use w̃ij to generate quintiles of wage.
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