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This paper presents analytical, Monte Carlo, and empirical evidence on models for event count 
data. Event counts are dependent variables that measure the number of times some event occurs. 
Counts of international events are probably the most common, but numerous examples exist in every 
empirical field of the discipline. The results of the analysis below strongly suggest that the way event 
counts have been analyzed in hundreds of important political science studies have produced statisti- 
cally and substantively unreliable results. Misspecification, inefficiency, bias, inconsistency, insuffi- 
ciency, and other problems result from the unknowing application of two common methods that are 
without theoretical justification or empirical utility in this type of data. I show that the exponential 
Poisson regression (EPR) model provides analytically, in large samples, and empirically, in small, 
finite samples, a far superior model and optimal estimator. I also demonstrate the advantage of this 
methodology in an application to nineteenth-century party switching in the U.S. Congress. Its use by 
political scientists is strongly encouraged. 

1. Introduction 

This study is concerned with statistical models for event count data. Event 
counts are variables that have for observation i (i  = 1, . . . , N) the number of 
occurrences of an event in a fixed domain. The domain for each observation may 
be time-as in a month, year, hour, or some appropriate interval-or space-as 
in a geographic unit, an individual, or others. 

Dependent variables of this type exist in every major journal and empirical 
field in the discipline, often representing central concepts or concerns. The larg- 
est number of event counts is probably in international relations, where massive 
databases record the number of actions each nation or political group takes with 
respect to another (e.g., Azar and Sloan, 1975). But examples from other fields 
abound: the number of presidential vetoes per year (Rohde and Simon, 1985); the 
number of congressional staff members engaged in casework services and the 
number of trips to the home district for each member of the House of Represen- 
tatives (McAdams and Johannes, 1985); the number of seats the president's party 
lost in each midterm congressional election (Campbell, 1985); the size of Medic- 
aid caseloads (Hanson, 1984); the number of persons recorded in LBJ's daily 
diary as having been present at a particular White House meeting (Sigelman and 
McNeil, 1980); the number of months that a parliamentary cabinet endures 
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(Robertson, 1984); the number of members of the House and Senate who switch 
political parties each year (King and Benjamin, 1985); the number of citizen- 
initiated and support-related political activities engaged in and reported by Soviet 
CmigrCs (Di Franceisco and Gitelman, 1984); the number of coups d'etat per year 
for black African states (Johnson, Slater, and McGowan, 1984). There are many 
other examples. 

In the sections that follow, I show the data generation process of event 
counts to be Poisson (sec. 2). I then introduce the exponential Poisson regression 
(EPR) model as the appropriate method, directly deducible from the data genera- 
tion process (sec. 3). The next section shows that the two models used most fre- 
quently in political science for analyzing this type of data are either misspecified 
(the OLS model in sec. 4) or biased and inconsistent (the logged OLS model in 
sec. 5). Since statistical theory is known only for unrealistically large sample 
sizes, I use Monte Carlo experiments to demonstrate the empirical unbiasedness 
of the EPR model in finite samples and the bias and inefficiency of the logged 
OLS model of event counts even in very large samples (sec. 6). A brief analysis 
of an empirical example (sec. 7) and concluding remarks (sec. 8) are also pro- 
vided. Appendix A provides details of the proof used in section 3. Appendix B 
reviews readily available computer programs that can be used to estimate the 
EPR model. 

2. The Data Generation Process of One Event Count Observation 

The data generation process usually assumed to produce event counts is Pois- 
son.' This process arises naturally in many situations commonly analyzed by po- 
litical scientists. This section presents the substance of a proof that all event 
count data that meet a few modest assumptions arise from a Poisson process 
(mathematical details appear in Appendix A). 

Consider a model for what will be one observation in the Poisson regression 
model to be discussed in later sections. Let y, be the number of recorded events (a 
nonnegative integer) at an instant in time, t;  t does not refer to the observation 
number, but refers to the time that has passed in recording events within this one 
observation; y, never decreases, and at certain instances in time, the number of 
events increases by one. This process is not observed until the end of the observa- 
tion period, when the total number of events occurring within the period are 
recorded. 

'Next to the normal, and certainly among discrete distributions, the Poisson probability distri- 
bution is often considered the most important. Interestingly, although he was a mathematician, Si- 
meon Denis Poisson's (1837) invention was in the context of a "political science" work on the applica- 
tion of mathematical probability to judicial administration (see Haight, 1967, p. 113). Furthermore, 
the methodological problems and opportunities presented by event count data are focused in political 
science. Economics and psychology have occasional applications, and while sociology has a reason- 
able number, it does not approximate the many myriad applications in political science. See Haight 
(1967) for applications in the natural and physical sciences. 
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A mathematical model emerges by assuming that these events occur at "ran- 
dom" within this one observation with a finite rate of occurrence, 13 (0 < 0 < m). 

"Random" is defined in the Markov sense by assuming that in a very short inter- 
val of time, At, the probability of one additional count is independent of past and 
present numbers of events. This assumption basically implies that during the ob- 
servation period the expected rate of occurrence of the next event either remains 
constant (and equal to 8), or at least does not change in response to the number of 
observed events, and that the random error around 8 at one instant in time is 
uncorrelated with the random error at the next point in time. This rate of occur- 
rence may and usually does change across observations, but within this one ob- 
servation it is assumed fixed or at least unresponsive to the number of observed 
events. This is a relatively weak requirement that should hold in most political 
situations. When it does not, 8 refers to the average rate within the observation; 
in this case, event count data would mean the loss of some information and 
"event history" methods (Allison, 1984) would be preferable. However, politi- 
cal data for both independent and dependent variables are rarely available in 
this detailed form. Thus, "event-count analysis deserves further study" (Tuma 
and Hannan, 1979). Indeed, even this assumption can be relaxed, since the ag- 
gregation "of a large number of independent and uniformly sparse [variables] of 
any type is approximately a Poisson process" (Amburgey and Carroll, 1984, 
pp. 41 -42). For continuous variables in ordinary regression analysis, the normal 
distribution is often similarly justified as the sum of many unmeasured variables. 
From these assumptions-y, being a random event count with a finite, positive, 
and constant (or "unresponsive") mean-one can derive the Poisson probability 
distribution (see Figure 1 and Appendix A). 

Thus, we have constructed a Poisson distribution for one observation di- 
rectly from an underlying mathematical model built on a few plausible assump- 
tions about the political phenomenon generating the counts. The Poisson distri- 
bution also arises indirectly from the limiting form of a very large number of 
other distributions and naturally occurring situations (Haight, 1967; Johnson and 
Kotz, 1969).2 I believe that the case made here for typical event count data being 
generated by a Poisson process is stronger than the case usually made for most 
other political science variables being distributed normally. Since the mathemati- 
cal process underlying event count data is relatively clear and very common, 
these data are some of the best in the discipline. Certainly when using these data, 
political scientists ought to more fully exploit them and their special properties. 

'The negative binomial distribution is one that tends to the Poisson, but it can also arise when 
the Poisson parameter is allowed to vary according to a Gamma distribution, possibly representing 
unobserved heterogeneity across observations. If the data are negative binomial but the Poisson 
model is used, estimates will still be consistent (and usually very similar), but standard errors will be 
deflated somewhat (see Gourieroux, Monfort, and Trognon, 1984; King, 1987~) .  
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3. The Poisson Regression Model 

I move now to the more usual situation where there are N event count obser- 
vations. In order to shift attention from within one observation (the dynamics of 
which are not observed) to across observations, I drop the subscript t on y. I as- 
sume that the time interval or domain size characterizing each observation is 
of the same length or size, although this assumption can be dropped. Then let y, 
(i = 1, . . . , N) be a set of Poisson processes representing the number of events 
recorded for each observation i. Note that the unit of analysis may be time or 
space or both. Thus, the number of violent acts per day in the United States (say 
1950-80) and the number of violent acts per state (say on 5 July 1979) in the 
United States are equally valid examples. Of course, these two data sets are prob- 
ably useful for answering different substantive questions, but either can be ana- 
lyzed using this model. For simplicity, I assume that the absence of autocorrela- 
tion, that is, C(yi, y,) = 0 for all i f j, although this assumption can also be 
relaxed. Since the mean of the Poisson distribution at each observation Oi is equal 
to its variance, heteroskedasticity is guaranteed for all nontrivial examples. In 
the probability distribution, larger values of 8, have a larger disturbance variance. 
This is plausible, since as the mean gets closer to its lower bound of zero, the 
variance must be smaller. Note how, in Figure 1, the variance is larger for 
8, = 2.0 than for 8, = 0.75. Also, due to the positively skewed Poisson distri- 
bution, the heteroskedasticity is strongly asymmetric, since it is not bounded on 
the right (for presentation purposes, Figure 1 stops where the probability of a 
larger number of events is very close to zero). The appropriate estimation tech- 
nique to be discussed below takes full advantage of this additional information. 

To fruitfully analyze these data, let the mean of y, be a function of a vector 
of explanatory variables: 

where, 

To complete this specification, only f ( . )  need be chosen. Iff(.) were an identity 
function, then equation 3.1 would be yi = xj P + si, and p could be estimated by 
an ordinary least squares (OLS) regression analysis. Although the Poisson distri- 
bution of y, would make this procedure quite inefficient, the estimator would be 
an unbiased estimate of the linear approximation to the conditional expectation 
function. The additional problem with OLS, however, is that it does not constrain 
the expected number of events Bi to be positive, as it must be. We therefore limit 
f(.) to the class of positive valued functions. To narrow this to a uniquely appro- 
priate function, consider what the effect of x on y (dyldx) should be. We have 
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FIGURE 1 

The Poisson Probability Distribution 

E ( y )  = 0.75 

already established that this effect should not be P ,  since that would imply a lin- 
ear function and would leave open the possibility of the expected number of 
events being less than zero. I propose that the most reasonable effect is PO,, so that 
a fixed change in x would have a greater effect on y, if the expected value were 
larger. In other words, this specification indicates that the "effort" (in terms of a 
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change in x )  that it would take to move yi from 0 to 1 should be proportionally 
greater than the effort required to move y from, say, 20 to 21. 

For example, suppose we wanted to know the effect of a congressional rep- 
resentative's activity in Washington (e.g., bills introduced or participation on roll 
calls) on national press coverage (e.g., the number of mentions in the New York 
Times; see Cook, 1986). Consider two members of the House, one of whom rou- 
tinely receives considerable press coverage (a high initial expected coverage) and 
another who receives very little (a low initial expected coverage). A linear form 
implies that, if both representatives increased their activity level by the same 
amount in a particular year, their expected levels of coverage (8) during that year 
would each increase by the same number of mentions (P). More plausibly, how- 
ever, the member with the higher initial level of expected coverage is likely to 
translate the same amount of additional activity into proportionately more cover- 
age than the other member. This idea can be incorporated as follows: let POi be 
the increase in coverage that results from a unit increase in activity. Then, the 
greater the expected number of mentions, the larger will be the effect of activity 
on coverage. 

If POi is the appropriate effect, then the functional form is E(y, 1 X) = 

exp(xrP) (using the fact that exponentiation is the only function that is its own 
derivative). Although there are other functions that would restrict the expected 
value to be positive, there are few that also have very plausible effects. By simul- 
taneously applying both of these criteria, I am led to this particular function. 
Exponentiation also happens to be the function most commonly used with the 
Poisson distribution in other contexts and is implied in the very widely used log- 
linear models of contingency table counts (Plackett, 1981). Note that Oi need not 
be an integer and may be taken to represent either the literal mean population 
value for observation i, since the average of a set of integers may be a real num- 
ber, or the expected number of events measured more precisely. Figure 2 por- 
trays several examples of how this curve gets steeper as Oi = E (yi I X) gets larger. 
It also makes apparent how the zero bound on the predicted number of events 
"bends" the curve up from the bottom. 

Taking into account the heteroskedasticity and the other features of the 
model indicated or implied above, the method of maximum likelihood can be 
used to derive estimates of /3.3 See Appendix B for information on computer pro- 

'First assign t in equation A.4 to have a constant value of 1 .  Then the joint likelihood function 
of y, ,  . . . , y, is: 

where 19; = exp(x; /3) for i = 1 ,  . . . , n. The log-likelihood function is then equal to q - 5 In(L ,), 
;= l 
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grams that will estimate this model. When yi (for all or nearly all observations) is 
"large," it would be possible to analyze this sort of data by linear least squares 
techniques. The reason is that the Poisson variable yi becomes approximately 
normal when the number of counts become large. (Note that the number of ob- 
servations has no effect on this, only the number of events within each observa- 
tion.) How large must the counts be? Every situation is different, but it seems 
reasonable to apply the well-known rule of thumb for the central limit theorem: if 
the number of events counted for each (and almost every) observation is greater 
than about 30, then it is probably safe to assume that the disturbances are ap- 
proximately normally (or log-normally) di~tributed.~ Since there is no problem 
created by using this method with larger counts, the exponential Poisson regres- 
sion model is the safer solution with all event count variables. 

Unfortunately, although the exponential Poisson regression (EPR) model is 
most appropriate for even count data, it has only very rarely been applied either 
in political science or anywhere else. See Maddala (1983, pp. 51 -54), Jorgen- 
son (1961), and Amburgey and Carroll (1984) for differing theoretical treatments 
of this model. See King (1987a) for a political application. One problem with 
this previous research is that the beneficial properties of this estimator have been 
established only because it is based on the method of maximum likelihood. This 
means that only asymptotic (large N) results are known. Thus, section 6 presents 
Monte Carlo experiments to assess the model in small, finite samples. An ex- 
ample is also provided in section 7. I move now to the two more common meth- 
ods of analyzing these data. 

4. Ordinary Least Squares and Event Counts 

By far the most common model applied in political science to the event 
count data described in sections 1 and 2 is that implied by ordinary least squares 
(OLS) regression analysis. OLS provides an unbiased linear estimator, and this is 
unaffected by different distributional assumptions. However, there are several se- 
rious problems in using event count data with the OLS model. 

First, OLS assumes a linear relationship, E(y I X) = X P  = P o  + P I X ,  + 
P,X, + . . . . This is an implausible functional form for two reasons: (1) it often 
results in predicted event counts that are less than zero and therefore meaning- 

In estimation, In (yi!) may be dropped, since it does not vary with P.  Because there is no analytical 
solution for b that maximizes L, numerical maximization methods must be used (see Maddala, 1977, 
pp. 176-81). Using Bemdt et a1.k (1974) modified method of scoring in practice, I find that even 
large problems converge relatively quickly. 

'There are also weighted least squares (WLS) estimators for this problem that are analogous to 
those championed by Kritzer (1978) for the analysis of contingency tables (El-Sayyad, 1973; Mc- 
Cullagh and Nelder, 1983). 
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less. Moreover, a "truncated linear" model, where negative fitted values are 
forced to zero, makes unrealistic assumptions at and near the cutoff point. Fur- 
thermore, (2) it makes the unrealistic assumption that the difference between 
zero and one event occurring in a particular time interval is the same as the dif- 
ference between, say, 20 and 21 events. Thus, the true relationship is not linear, 
and a linear approximation would not in most cases even be a reasonable working 
assumption. OLS is an unbiased estimator of a linear conditional expectation 
function (CEF); the problem here is that the CEF is neither linear nor necessarily 
close to linear. 

Second, the statistical inefficiency (the variance of the estimates across 
samples) of the OLS estimator is much higher than it could be. By taking into 
account neither the heteroskedasticity, the particular asymmetric form of the het- 
eroskedasticity, the correct functional form, nor the underlying Poisson distri- 
bution of the disturbances, OLS does not use all available information in the es- 
timation. Insufficiency and inefficiency result. 

These statistical problems are more than just technical points. They usually 
result in substantively biased conclusions. In applications, coefficients will have 
the wrong size and will often have the incorrect sign. Questions such as "How 
many disruptive events will occur next month if unemployment decreases to 10 
percent?" will many times yield nonsensical answers like, "The estimates indi- 
cate that there will be about negative four disruptive events." (This does not 
mean that there will be four less events; it means that the predicted number of 
events is -4.0.) Furthermore, estimates will often be very imprecise, making 
many empirical analyses inconclusive. In fact, since the standard errors and test 
statistics are themselves biased, there will usually be no indication of this im- 
precision. Unfortunately, these serious criticisms of the OLS model apply to 
most existing analyses of event count data in political science. 

5. The Logged OLS Model of Event Counts 

As an attempt at a partial solution to the first set of problems with the OLS 
model of event counts, some political scientists have regressed the natural log of 
y on X. This is a seemingly plausible specification, since logging y changes the 
linear model by discounting large values of y. This is believed to meet the func- 
tional form objection of the OLS model of event counts. 

The problem is that the logged OLS (LOLS) model adds additional com- 
plications. The primary objection is that the conditional expectation of ln(y,), 
given X and y, - Poisson(Bi), is approximately negative infinity, even in finite 
 sample^.^ Since this conditional expectation is not at all meaningful, the es- 

'Recalling that In(0) .= -m, E[ln(y,) I XI = Z; = 0 In(yi) Pr(yi)  = -m. This problem is not 
solved by using a special Poisson distribution that does not include the zero class, since, although the 
CEF of In(yi) given X for this distribution exists (Johnson and Kotz, 1969, pp. 104-09), it omits 
these sometimes critical observations. 




































