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Highlights

Testing for state dependence in the fixed-effects ordered logit model

Francesco Bartolucci, Claudia Pigini, Francesco Valentini

� Persistence in self-reported health/well-being entails lasting effects of
policies

� A test for state dependence in the fixed-effects ordered logit model is
proposed

� The test is able to detect persistence either in the latent or observed
variable

� It can be readily computed using existing software
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Abstract

We propose a test for state dependence in the fixed-effects ordered logit,
based on the Quadratic Exponential model. The test can be applied to mod-
els where persistence lies either in the latent or observed response variable.
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1. Introduction and motivation1

Ordered choice models are widely employed to analyze survey data on2

self-rated measures, such as those describing physical and mental health,3

subjective well-being, and life satisfaction. These surveys often comprise a4

panel component, which makes it possible to specify dynamic models depict-5

ing persistence in the response variable. Being able to ascertain the presence6

of state dependence, which arises very naturally in these measures, is key to7

understand whether short-term policy interventions will have long-run effects8

on health or individual well-being (Contoyannis et al., 2004). However, there9

is disagreement in the literature on whether persistence lies in the unobserved10

perception or in the ordinal-scale self-reported measure.11

In modeling subjective well-being, Pudney (2008) introduces the Latent12
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Autoregressive model (LAR henceforth), according to which the latent per-13

ception y∗it for individual i at time t is generated by a process of the type14

y∗it = ρy∗i,t−1 + x′itβ + αi + εit, (1)

for i = 1, . . . , n and t = 1, . . . , T , where ρ is the autoregressive coefficient, β15

the vector of k regression parameters related to the xit vector of covariates,16

αi is the individual unobserved heterogeneity, and εit an idiosyncratic error17

term. Self-reported well-being yit is then observed according to a standard18

set of threshold-crossing rules:19

yit = j if cj−1 < y∗it ≤ cj, j = 1, . . . , J,

with c0 = −∞ and cJ = +∞. In the same vein, Heiss (2011) considers20

an ordered choice model where intertemporal dependence arises in a time21

varying unobserved heterogeneity component.22

A different stream of literature focuses on dynamic models where state23

dependence is associated to dichotomizations of the lagged dependent vari-24

able. Muris et al. (2020) dichotomize yi,t−1 at a fixed and known value τ ,25

such that26

y∗it = γ1(yi,t−1 ≥ τ) + x′itθ + ηi + υit, (2)

with 2 ≤ τ ≤ J , where θ is now the vector of regression parameters and27

υit is the idiosyncratic error term. The above model is characterized by a28

single state dependence (SSD henceforth) parameter γ, and it can be seen29

as a special case of the mainstream dynamic ordered choice models (see30

Contoyannis et al., 2004; Carro and Traferri, 2014; Honoré et al., 2021),31

where there are multiple state dependence (MSD) parameters λj that are32

heterogeneous across thresholds. The latter formulation assumes that33

y∗it =
J∑

j=1

λj1(yi,t−1 = j) + x′itπ + ωi + uit, (3)

where π are the regression parameters and uit is the idiosyncratic error term.34

We propose a test for state dependence in fixed-effects ordered logit mod-35

els. The test is based on a modified Quadratic Exponential (QE) formulation36

(Bartolucci and Nigro, 2010; Bartolucci et al., 2018) for each possible di-37

chotomization of the response variable. Under the null hypothesis of absence38
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of state dependence, the QE probabilities for each dichotomization corre-39

spond1 to those of the LAR, SSD, and MSD, when ρ, γ, and λ = (λ1, . . . , λJ)40

are equal to zero in (1), (2), and (3), respectively, and provided that the error41

terms in the three equations are standard logistically distributed.42

The QE model accommodates state dependence and admits sufficient43

statistics for the individual intercepts, which can therefore be treated as44

fixed effects and allowed to be correlated with the model covariates. As a45

consequence, the Conditional Maximum Likelihood (CML) estimator of the46

QE model parameters is fixed-T consistent and can be seen as a generalization47

of the popular Blow-Up and Cluster (BUC) procedure for the estimation of48

the fixed-effects static ordered logit model by Baetschmann et al. (2015).249

Finally, the test can be readily computed by the existing software package50

cquad for R3 (Bartolucci and Pigini, 2017) and CQUADR for Stata (Bartolucci51

et al., 2020).52

2. Proposed test53

The test is based on the QE formulation as a dynamic binary choice model54

(Bartolucci and Nigro, 2010), with the modification introduced by Bartolucci55

et al. (2018) in testing for state dependence in the fixed-effects binary logit.56

Let djit = 1(yit > j), j = 1, . . . , J−1, be the binary dependent variable arising57

from the dichotomization of yit at the cutoff j and X i = (xi1, . . . ,xiT ).58

The modified QE model is defined as the joint probability of the response59

configuration dj
i = (dji1, . . . , d

j
iT )′60

p(dj
i |αi,X i, d

j
i0) =

exp
(
dji+δi +

∑T
t=1 d

j
itx
′
itφ+ dji∗ψ

)
∑

z exp
(
z+δi +

∑T
t=1 ztx

′
itφ+ zi∗ψ

) , (4)

where dji+ =
∑T

i=1 d
j
it is the total score, δi is the individual unobserved hetero-61

geneity, φ is the vector of regression parameters, dji∗ =
∑T

t=1 1(djit = dji,t−1),62

and ψ is the state dependence parameter; in the denominator,
∑

z ranges63

1The correspondence holds under the assumption of regression parameters homogeneity
across the different dichotomizations.

2An extension of the BUC using time-varying dichotomizations is proposed by Muris
(2017).

3https://CRAN.R-project.org/package=cquad
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over all binary response vectors z = (z1, . . . , zT )′, z+ = dji+, and zi∗ = 1(z1 =64

d∗i0) +
∑T

t=2 1(zt = zt−1). Bartolucci et al. (2018) show that the t-test for65

H0 : ψ = 0 for the dynamic binary logit model has superior power properties66

compared to that based on the original QE model, in which dji∗ would have67

to be replaced by djitd
j
i,t−1.68

Under H0 : ψ = 0, the probability in (4) is the same as the joint prob-69

ability that arises for the j-th dichotomization from the LAR model in (1),70

with ρ = 0, β = φ, and αi = δi, from the SSD model in (2), with γ = 0,71

θ = φ, and ηi = δi, and from the MSD model in (3), with λ = 0, π = φ, and72

ωi = δi, provided that εit, υit, and vit are standard logistic random variables.73

As in the static logit model, in the QE model the total scores are suffi-74

cient statistics for the individual-specific intercepts, so that conditioning the75

probability in (4) on dji+ eliminates δi:76

p(dj
i |X i, d

j
i+, d

j
i0) =

exp
(∑T

t=1 d
j
itx
′
itφ+ dji∗ψ

)
∑

z:z+=dji+
exp

(∑T
t=1 ztx

′
itφ+ zi∗ψ

) .
With a static formulation, a single dichotomization to estimate the model77

parameters could be used, while Baetschmann et al. (2015) devised the BUC78

procedure, where the information brought by each dichotomization can be79

combined in a single quasi-likelihood function. Following the latter, the80

quasi-loglikelihood function can be written as81

`(φ, ψ) =
J−1∑
j=1

n∑
i=1

1(1 < dji+ < T ) log p(dj
i |X i, d

j
i+, d

j
i0)

and can be maximized by a standard Newton-Raphson algorithm, so as to82

obtain the CML estimator (φ̂
′
, ψ̂)′. It is then straightforward to compute the83

t-statistic for testing H0 : ψ = 0 as84

W =
ψ̂

se(ψ̂)
,

where se(·) is the standard error derived form a cluster–robust variance esti-85

mator allowing for correlation within subjects, as they contribute more than86

once to the log-likelihood (Baetschmann et al., 2015).87
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3. Simulation study88

The design mirrors that in Honoré et al. (2021). Based on (1), for i =89

1, . . . , n and t = 1, . . . , T , it is assumed that90

y∗it = ρy∗i,t−1 +
3∑

l=1

xlitβl + αi + εit,

with y∗i0 = ρui +
∑3

l=1 x
l
i0βl + αi + εi0, where ui and εi0, . . . , εiT are standard91

logistic random variables; covariates are x1it =
√

3(Z1
it + Zi)/

√
2 and xsit =92 √

3(Zs
it + Z1

it)/
√

2 with s = 2, 3, where Zi and Z l
it, with l = 1, 2, 3, are93

standard normals, and αi =
√

3Zi. The outcome takes J = 4 possible94

values with thresholds {−∞,−2, 0, 2,∞}. The parameters β1, β2, β3 are set95

to 1,−0.5, 0, respectively, while ρ ranges between -0.9 and 0.9 with step of96

0.1. For the SSD model in (2), we have97

y∗it = γ1(yi,t−1 ≥ 3) +
3∑

l=1

xlitβl + αi + εit,

with y∗i0 = γ1(ui ≥ 3)+
∑3

l=1 x
l
i0βl+αi+εi0, where here γ takes values between98

-1.6 and 1.6 with step 0.2. For the MSD model in (3), we use the same design99

and let λ take values in (0, 0, 0, 0), (−1, 0, 0, 1), and (−1,−0.5, 0.5, 1).100

We considered scenarios with n = 500, 1000 and T = 3, 7, for 1000 Monte101

Carlo replications. Simulation results are reported in Figure 1 and Table 1102

for a 5% nominal size. For the LAR, the nominal size is attained in every103

scenario considered, while the value of the empirical power, for values of104

ρ close to zero, increases in T . The power curves depicted for the SSD105

are wider, although rejection rates increase sharply in both the sample size106

and number of time occasions. This is a result of the proposed test using107

all the possible dichotomizations of the response variable, whereas in the108

SSD model state dependence is associated only with a specific one for the109

lagged response variable. The proposed procedure, however, is robust to110

such dichotomization happening at any threshold and that power properties111

are nonetheless satisfactory in scenarios that are likely to occur in practice.112

Finally, the test attains the nominal size when data are generated according113

to a MSD model and achieves high power under departures from the static114

model.115
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Figure 1: LAR and SSD models: power curves
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n = 500 n = 1000

λ T = 3 T = 7 T = 3 T = 7

(0, 0, 0, 0) 0.050 0.048 0.046 0.046

(−1, 0, 0, 1) 0.972 1.000 1.000 1.000

(−1,−0.5, 0.5, 1) 0.986 1.000 1.000 1.000

Table 1: MSD model: power for nominal size of 5%

4. Conclusions116

Persistence in ordered measures such as self-assessed health or subjective117

well-being is an important element in understanding whether interventions118

may have lasting effects. Yet research is still currently in pursuit of a fixed-T119

consistent estimator for the parameters of a dynamic fixed-effects ordered120

choice model (Honoré et al., 2021). In addition, different model formulations121

have been proposed, according to whether persistence lies in the latent or122

observed variable.123

We partially fill this gap by proposing a test for state dependence, which124

is robust against alternative specifications of the dynamic ordered logit. We125

also show that the test finite-sample performance is satisfactory in realistic126

scenarios. Finally, the test could be particularly appealing to practitioners127

as it can be readily computed using existing software.128
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