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, , o k=1 i=1 Figure 1: Estimated versus true misreporting rates
The EM algorithm consists of initializing vector of parameters K M. )
(0, 7) and repeatedly carrying out the following two steps until _\ > " log Zp (Z(i,k)’ s, 2R S ). Tk) MSE Correlation
US household data extracted from the 2015 American Commu- convetgence. 11 s—0
nity Survey. We draw a sample of 50,000 households from the _ - _ o _
da’g; that ai‘,e representative OI; the US population. o (E-step) Foreachk =1,...,Kandi = 1,..., My, set The EM algorithm consists of initializing vector of parameters Discriminative EM 0.00022062 0.94214
(1, 2, p, 7) and repeatedly carrying out the following two steps Generative EM 0.010148 0.60304

We treat 51 US states as different "villages". We construct the Qix(s) = p(s] 2GR g (BR) .9 1)
variable z(**) that indicates whether household i in village &
lives below the income poverty threshold y. The U.S. Census
Bureau sets the household income poverty threshold in 2016 at

until convergence:

o (E-step) Foreachk =1,..,K andi=1,..., M}, set Table 1: Mean square errors and correlation coefficients between esti-
mated and true misreporting rates
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the head. S age and.e.ducatlon, dwelling characteristics such as "= Figure 2: Fraction of poor households among selected 3000 households
stove, fridge, television, etc., mortgage payment, food stamp for k=1,...K M (200 simulations)
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l+e Figure 3: Fraction of poor households among those predicted to be
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Although we do not observe whether a household is poor, (1_7’“)1_ZT’5¢<20 S 0)>(1_’) JHU=T)=T, ¢<21 (@=s 1)>p
s() = 1(y") < 7), we do observe imperfect signal of the variable (2, 8, 2; fhs, Bs, py 7)= (1 — 7)1 =sl7275lg (5 ( (g — us)) (1—p)=5p* DI1SCUSSION
of interest, z(*), which distinguishes our setup from standard o The naive method that ignores corruption allocates 58%
unsupervised learning problems. Having obtained estimates 3 for each method, we compute plé*) = p(sk) = 1]2(GF) 268). 3) where 8 = (6, 7) for the discriminative of funds on average to poor households (Figure 2). The
We apply two types of EM algorithms: discriminative EM and EM and 5 = (u, %, p, 7) for the generative EM. We then for both methods find the households with the highest H = 3000 order discriminative EM improves the allocation to about 95%.
generative EM. statistics of the set {p\**) : 1 < i < My, 1 < k < K}, as well as identify households who are classified as poor (i.e. p!**) > 0.5). Thus, additional 37% x 3000 = 1110 households who des-

perately need aid receive it if the discriminative EM is
used to allocate aid.
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