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Introduction Model Empirical results

e Computational Social Science is increasingly performed on large e Typically we think about the sampling process like model (a) in the e Main goal is to quantify how change inference is Aater) NSF >4
: : : : : . . arter
soma.l networks: such as Facebook, Twitter or country-wide Call figure below, the empirical distribution at time t depends only on the |mpacted as d fuf‘Ct'O” of elevation rate ranc.l | " = (before)
Detail Records (CDRSs). verify our correction works under many conditions.

e CDRs provide both spatiotemporal metadata, as well as excellent true distribution at time t.

_ _ | | e EXxperiments will explore bias and Type I/Type |l errors on
coverage in developing countries: large body of work relating e Now we must incorporate the sampling rate and interactions seen

. _ , _ Wilcox signed-rank tests
socio-economic behaviour to calling patterns. at time t as well: as shown in model (b). o For both social network degree and network entropy

o Wealth and network diversity (Eagle at al 2010) F | o In both null (distributions do not change) and non-null cases
o Phone usage as a function of social indicators (Blumenstock et al Ai(t) @ @ @ o Lomparing to naivejack-knife estimators as well as state of the art
estimators like JVHW and APML.
201 O) No. of calls seen
o Unemployment on several metrics (Toole et al 2015) c;(t) ~ Poi (\;(t)) @ W
. . . D f 6 months of real CDR
e Project that motivated this work: seek to R 5 o Cilt) * Drawn wom N
s . . n Q di(t) ~ di(t) data: selects n random individuals
guantify impact of violence on key social (b)
metrics using two years of CDR data on R and sub-samples full 6 months of
I com?ntr Y , -mprieal diference estmtor e Now, the bias in our call data at different rates to
. Ay R R d; == fi(di(a))— fi(di(b)) estimation of the difference of generate distribution.
e Which metrics matter? R A e nction at ¢ . . .
5 Network dearee E(8;) =8; + B(dj(a), Ai(a)) — B(d;(b). 2;(b)) a tuncton at two points In e Despite being drawn from same
o Network entgro pi; Necessary condition for unbiased estimate of time depends on the diStribUtiOn, r =20 causes even 000,
difference I I ' ate ' " ElevationRate
> Mobilit PY I [ l B(d: (@), 2:(@)) = Bi(a) A(B) sampling rates at those times state of the art estimators to create S0t Gorcton v sk BAPHL VA
(@), Ai(a)) = B(di(a), A;(b)) _ |
Y o X § % o o o Adding more data does not a Type | error 50% of the time. N
i , ® mitigate this bias. e Confirming theoretical results, our 1 :
—Pp . 1.2 I I
The QFOb'Gm of Sgarsity o - Increasing number of plug-in correction has no bias in the .., : :
i e e samples per individual does, null scenario. :
® These key metnCS are funCt|OnS over a d|Screte d.IStr:IbUFIOn d 0.5 0 but in praCt|Ce m|ght not be ° We ShOW that Variable Samp“ng Aug 22 " Aua s (b)l Aug 24 Aug 25
Urlmfortunat.ely, we o.nly.observe a s.am|:l)le of the distribution instead, WIS = possible/practical. sparsity impacts real scientific .
this sampling sparsity introduces bias into measurements. oW aesmumda g \ery real problem of False studies. The estimated change in :
® SparSity IS a well-known I;lfj;:?ct:itrir?gt: fi(t) ESFLZZE[Ot'}me ) ﬁ(t) . . Positives when distribution is social net entropy for a violent event 8 . ; Aﬁ
problem with active work into A A Our plug-in correction unchanged. was 50-100% higher when W
bias(fi(t)) = E(fi(t)) — fi(t) 02 : :

mitigating bias for important | | | |
functions like entropy Bias for a given estimator function depends on e Solution works on top of any estimator (including current state of the

both distribution d and sample rate Lambda . - Al : :
. . ) ) art) for functions: simply repeatedly down-sample period with more
However, dynamic sampling bias(fi(1)) = E(fi(#)) - fi(t) =: Bldi(t), 4:(2)) samples to match the period with fewer samples. Then average

sparsity, such as that induced —— - . Comprehensive synthetic test suite
results of estimator over all subsamples.

correction not applied. Aug 22 Aug 23 Aug 24 Aug 25
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by major emergency events, £ _ _ . .

presents a novel source of £ e Guaranteed to provide accurate results in the case of no change. e Synthetic tests allow us to test non-null case as well as verify
:2300 . . . . . . .

bias that may have avoided A e A\ /et N s N | e Improves accuracy change inference in the non-null case under all results on a wide variety of base distributions

_notice (b) @ conditions examined in empirical study. o Base distributions: Dirichlet, uniform or geometric

gt e o Number of samples: lognormally distributed with mean = 50
R I L . <. S e Results show the correction always results in a less bias, though

_ _ _ the improvement varies as a function of distribution and function
e \We have addressed this problem for paired differences but there

estimated.
R ef erences are many other types of experiments that might be affected . b . ”
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