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Abstract Welfare Estimates

* Researchers have been using the latent class model (LCM) to
value recreational activities for years. Several studies have
compared LCM to other models using field data. We conduct
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* QOur goal: To investigate the performance of LCM through Monte
Carlo simulations

Figure 2: Despite the variation and extreme values for some of the estimated
population segments, it is the countervailing effect of the estimated share (which
can be very far from the true share 0.7) that makes the weighted averages have
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 Multiple classes of people: different preferences

* Probability of individual i belonging to class m: &
. T = T,,: fixed share of each class
. T = T;y,: decided by individual-level variables
* With fixed shares, M classes, and true class membership

unknown
. Probability of individual i choosing site j
. Weighted average of probabilities from
each class: Pr;(j) = Y1 _, m,,, Pr;(j|m)
. Welfare measures
. Weighted averages of welfare estimates

from each class.

times quite large.
Figure 1a & 1b: About half of the time, estimated parameters of individual classes are fairly » Nonetheless, the latent class model worked well on average, because when a

close to true values, as true values all lie inside the quartile boxes, mostly in the middle. Large
deviations of means from true values are caused by extreme values, as indicated by MAX and
MIN and the 10% and 90% quantiles.

population segment was estimated with outlier values, the estimated share of
individuals in the segment tended to be small.
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