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Outline

@ BTSCS and event history

@ Duration dependence and time dummies
@ Grouped time Cox model

°

Markov transition model
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Models with Binary Dependent Variables

@ In IR much data is dyad year, that is, did country A and B fight in
1972

@ or did A attack B in 1972 (directed dyad)

But could also be did a country have an independent central bank in
1982

May extend to more complicated limited DVs, but not clear
DO NOT ASSUME WHAT IS SAID HERE EXTENDS!

Many just ignore TS issues and just do ORDINARY logit
(Logit and Probit pretty interchangeable here)

Because N is easier to notate, much notation uses probit

Estimation with logit more common item Remember that BTSCS
data is not binary panel data

@ Lots of issues for binary panel data (and possibilities) do not apply
here
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What goes wrong with BTSCS data

@ Just as in standard TSCS, observations from same unit are not
independent

@ Often easiest to use a standard latent variables setup to think about
Issues.

Yie=XitB+€ir (1a)
yie=1ify ;>0 (1b)
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Sweeping problems under the rug

Ordinary probit is consistent here (Poirier and Ruud)

se's not accurate; Simulation showed that with very high ps errors
may be off by 50%

Poirier and Ruud show how to correct se's
Huber grouped standard errors appeared quite accurate
All of these treat dynamics as an estimation nuisances

Always should think about how to model dynamics
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Event History

Much BTSCS data has long strings on 0's with few 1's

E.g. conflict data (perhaps 3% of obs are 1's, with generous def of 1
looks like event history data

with each 1 marking a failure

and the time between 1's, that is, the number of Q's, being the time
until or between failures

Make sure the number of 1's is not large, so we have a good
distribution of failure times. item We could thus simply convert the
binary TSCS data into event history data

and use standard (Cox or parametric)

Other than word “hazard” do not need anything fancy from event
history modeling

But cannot hurt to know some
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Helpful event history ideas - DISCRETE TIME - annual

@ Thinking about binary TSCS data as event history data helps

@ In discrete time, the HAZARD RATE is simply the probability of
dying in a year given that one survived up to that time point

@ Let us start by assuming no repeated events

@ With yearly data a unit is alive (survives, at peace, in a treaty, with
an old policy or whatever)

@ For a series of years and then one year it dies (fails, etc.)

@ No resurrection, so on death the unit falls out of the data set

@ Make being alive as 0, dying as 1

@ Note 0 means survived a year, 1 is died during a year

@ A unit is censored if we do not observe its death

@ Just a string of 0's not terminated by a 1

@ Time varying covariates at the level of the year just fine

(Beck - Firenze - Wednesday) 7/28
Probit

@ The simple probit/logit approach is equivalent to the assumption of
no duration dependence in event history analysis.

@ That is assumption that hazard rate does not change with where we
are in a spell

normally we test for duration dependence,

While it looks like we have N x T binary TSCS observations

this is the same at N duration observations

While we think of probit/logit as having troubles with rare events

such rare events are the lifeblood of event history analysis

Can freely move back and forth between binary dv and event history
worlds
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Onset vs. Incidence

In the event history approach, we model strings of zeros which end
with a 1

that is, the probability of a transition from 0 to 1,
or what is known in the medical world as ONSET (of a disease).
We are NOT modelling the length of strings of 1's.

The total proportion of 1's is called INCIDENCE. (Proportion of all
people having the disease.)

We could model length of time of string of 1's (spells of disease, war)
THIS TURNS OUT TO BE A CRITICAL ISSUE (return to below)
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Repeated events

Wars are not not live, one can have a spell of peace followed by a
spell o war, followed by another spell of peace

How handle?

In the probit/logit setup, we assume that second and subsequent
events can be modeled just like first events

Events history modelers realize that life is more complex

Solution???? Kludge??? Counter for how many prior events
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Discrete Time Duration Models

Sticking with one event per unit for now

Work with annual data, so t refers to the calendar year

Can generalize to non-standard periodization but notation annoying

Can model the time until an event in binary TSCS data by a discrete

time duration model.

@ Assume time measured in equal discrete intervals, 0,1,...,¢t,...
(years)

@ We only observe whether someone dies in the interval year t (open on
the left, closed on the right)

@ Then we need discrete time analogues of the survivor and hazard

function.

@ The survivor function is just the probability of being alive at time t,
5(t)

@ The survivor function will simply be a step function, with steps at
1,2,...,t,...

@ Let y; be the duration for the i'th unit;
@ y; is a discrete random variable, with support at the positive integers.
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Discrete time maths
@ Using standard notation we have

5(t) = P(y > t)
=Ply>tly>t—1)P(y >t—1)

:ﬁP(y>t—i|y>t—i—1) (4)
i=0
where S(0) = P(y > 0) = 1. We still have
F(t) =1- 5(t). (5)

@ Since F is discrete, we have an associated discrete density with
support on the positive integers,

f(t)=F(t)— F(t—1). (6)

Here the density is a probability; it is the unconditional probability of
dying in the interval (t — 1, t].
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Discrete time hazard

Define the discrete hazard analogously to the continuous time hazard
though simpler, since is now just a conditional probability
h(t) is the hazard of dying at year t
that is, probability of death in that interval given alive at start of
interval

f(t)

h(t) = S(t—1) (7)

Since 1 — h(t) is the conditional probability of surviving at t given
survival through t — 1, substituting in Equation 4, we get

t—1

5(t) = | |11 = h(t = )] (8)

L A

i=0
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Estimation of discrete duration models via logit

Estimating a BTSCS with dependent variable y; ; being whether unit
i failed in the year t

(by probit, logit or any other binary model, will use “logit” as generic)
as a function of covariates x; ;
we are estimating a model for h(t)

If the dependent variable is scored as 1 for non-failure, then we have a
model for 1 — h(t)

Estimating via ordinary logit is assuming the hazard rate is time
invariant (that is,

hit = h(xj¢) (9)

To allow for duration dependence estimate we would need to estimate
a binary model (with y; + being one for the failure of unit / in year t

hi,t = ht(xi,t)- (10)
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Separate time counter

@ Compromise to allow for different intercepts at each time point
hi+ = ar+ h(Xi,t) (11)

@ which would be estimated by putting in a period dummy in the logit.
@ Or could use any s(t) one liked, if flexible

@ Remember, the time variable is time since the last “event,” not the
particular period of the observation.

@ Sometimes the time dummies indicate that we don’t need to include
time in the specification (using standard tests on the coefficients of
all the time variables).

@ At that point we can assume no duration dependence and use
ordinary logit.
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A more formal derivation - omit from talk

@ Start with a continuous time Cox proportional hazards model, so
hi(t) = ho(t)ex"ﬂﬁ. (12)

@ Letting S(t) be the probability of surviving beyond t, by the math of
hazard rates we have

S(t) = exp(— /0 h(r)dr). (13)

@ Only observe whether or not an event occurred between time t, — 1
and ty
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More maths

@ so model P(y; s =1)

P(yit, =1) =1—exp(— /til hi(T)dT)

tk

ty
=1- exp(—/ exi’tkﬁho(T)dT)
t—1

tk
=1- exp(—ex"vfkﬁ/ ho(7)dT)

t,—1
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Even more maths

@ Since the baseline hazard is unspecified

@ Can just treat the integral of the baseline hazard as an unknown
constant

@ Defining

tk
g, :/ ho(7)dT and
ty—1

Ky, = log(ag, )
@ we then have
P(yiy, =1) = 1 — exp(—e s’ ay,)
=1- exp(—ex"’fkﬁJr“tk)
@ This is exactly a binary dependent variable model with a cloglog link
and the k (time dummy) terms added.

@ There is almost no difference in practice between estimated a logit
model and a cloglog model
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Further Complications

@ Thinking about the war data as event history data leads to thinking
about other issues.

@ Dyads can fight a number of wars.

@ Durations of second events may follow different process than for first
events

@ This is difficult to model

@ One solution is to add a variable to the hazard function which counts
the number of previous failures

@ Another issue is modeling onset vs. incidence

@ To understand we need a detour
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Markov Transition Matrices

@ A Markov process (first order) assumes that whether or not you are 0
or 1 at time t is a function only of where you were at time t — 1 and

covariates.
@ Thus would estimate two different probits (or logits) depending on
prior state
P(y,-’t = 1|y,-’t_1 = 0) = PI’Obit(X,',t,B) (16)
P(yi+ = 1|yi+—1 = 1) = Probit(x; ;) (17)

which can be written more compactly as

P(yi+ = 1) = Probit(x; :3 + yi t—1Xi +7Y) (18)

where
¥ =a-—0. (19)
@ Can test the hypothesis that prior state does not matter by testing
v=0
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Comparison of Markov and LDV model

An alternative that some have suggested is to use a lagged dependent
variable

Pr(yi+ = 1lyit—1 = 1) = logit(x; 3 + p)

whereas

P(yi+ = 1|yit—1 = 0) = logit(x; :3)

so the two logit equations are parallel (in the latent space).

Thus the only thing that differs by prior state is the intercept, the
effect of all the iv's on the dv is the same regardless of whether past
state was 0 or 1.

Note this is just a strong restriction on the Markov transition model

and could be tested by first estimating the full Markov model and
then testing the null that all coefficients (other than the intercept)
are the same in both probits
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The transition model and event history

Note that Equation 16 is just the duration independent form of our
event history methods.

The event history methods as generalizing this subset logit.

Note in event history we ONLY model transitions from 0 to 1
ignoring 1 to 0 (or, the same, 1 staying 1)

But if you believe the Markov story, a different model for lengths of
spells of Os and 1s

Note: because dv is binary, so no measure of variance in the latent
(scaled to be one)

Running two probits separately literally identical to one interaction
model

Thus the model for duration of spells of 0 independent of lengths of
spells of 1

Model onset differently from incidence

Likely different models for lengths of spells of peace and war

And if not, should first test, not assume
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Summing up

BTSCS and event history data are same thing

Do not do ordinary logit (unless tests indicate okay)

Lagged dv not enough

o
o

@ Do not lump together transitions form 0 and 1

o

@ For each spell, ordinary logit with the time counters is fine
o

Markov transition model not quite as good
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Data Analysis

@ All results reported are probits
@ Missing data (not much) dropped
@ Huber standard errors, clustered on dyad, used for MID analysis

@ Other analysis uses ordinary se's
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MID's 1951-1992 - Oneal and Russett

@ Spells of disputes

> 2048 dyad-years of disputes (spells of dispute with first year of peace)
Dyads may have multiple spells

307 dyads

636 different spells of dispute not right censored

52 spells of disputes right censored

Typical spell length of disputes is short

Mean length of disputes is 3.7, median is 2,

vV v v v v Yy

@ Spells of peace

32376 dyad-years of peace

> (new dispute number is new dispute, not second year of previous
dispute)

1094 dyads

1570 spells of peace right censored

1061 spells not right censored (ends in dispute)

v

v

v

v
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MIDS

ALL PEACE MID BKT
Variable b SE b SE b SE b SE

DEM —.06 .01 —.06 .01 —.02 .02 —.05 .01
TRADE —93.83 31.82 —25.68 14.3 —115.62 42.9 —24.72 14.00
MAJPOW .74 .25 .62 .22 .00 .27 .59 17
LCAPRAT —.29 .06 —.14 .05 —.23 .07 —.27 .05
LDIST —.38 .09 —.31 .07 —.12 .10 —.21 .07
CONTIG 1.59 .24 1.61 .22 —.08 .30 1.19 .19
ALLIES —.85 0.19 —.51 .15 —.52 .21 —.44 .14
C —.86 .69 —2.53 .58 1.55 .81 PY
N 32727 29745 1360 31174
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Transitions from Dem to Aut and Vice-versa 1951-1990 -

Przeworski, et al.

@ 135 countries
@ Spells of democracy

» 1683 country years

» 72 spells of democ

» 38 spells of democ end in autoc
» 34 spells of democ right censored

@ Spells of autocracy

» 2530 country yeas item 101 spells of autoc
» 49 spells end in democ
» 52 spells right censored
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Democracy/Autocracy
ALL DEMLAG From AUT From DEM

Variable b SE b SE b SE b SE
GDPLAG .33 .01 .16 .02 12 .03 22 .05
GDPLAG% —.57 .35 —.18 .69 —1.97 .85 3.96 1.38
DEMLAG 3.75 .10
C —1.32 04 241 .08 —2.30 .10 1.12 .14
N 4126 3991 2407 1584
hline

NOTE: While significant durdep in both transition equations, coefficients and se's

change by under 10%

(Beck - Firenze - Wednesday)

28 / 28



	Introduction
	Binary Dependent Variables
	Event history
	Discrete time models
	Back to logit
	Markov Transition Models

