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Syrian data

• Two data sets reporting different lists of victims killed in the recent
Syrian conflict

• Data provided by the

I Violations Documentation Center in Syria (VDC) Link

I Syrian Center for Statistics and Research (CSR) Link

• Both the list comprise first name, family name, date of death and
death location

• We want to estimate the total number of victims

http://www.vdc-sy.info/index.php/en/martyrs
https://csr-sy.org/index.php?id=181&sons=redirect&l=1&


Record linkage, duplications and population entities

Assume L lists and N latent individuals, 1 ≤ N <∞

• N is unknown

• The L files share a set of p categorical key variables

• vij = (vij1, . . . , vijp) denotes the record j in file i (j = 1, . . . , ni )
n = n1 + · · ·+ nL

• ṽj′ = (ṽj′1 . . . ṽj′p) is the true record for the latent individual j ′,
j ′ = 1, . . .N

• λij ∈ {1 . . . ,N} denotes the latent individual generating vij

λij1 = λij2 ⇒ a duplication in the same list

λi1j1 = λi2j2 ⇒ a match between two lists



• Ṽj′`
D
= V` independently for j ′ = 1, . . .N and ` = 1 . . . p

where V` ∼ {v` 1 . . . , v`Ml
; θ` 1 . . . , θ`M`

} ` = 1, . . . p

p(ṽ |θ,N) =
N∏

j′=1

p∏
`=1

p(ṽj′`|θ`) =
N∏

j′=1

p∏
`=1

θ`ṽj′`

• The hit-miss model (Copas and Hilton (1990) JRSSA)

p(vij` | ṽ , λ, α, θ) = (1− αλij`)δ(vij`, ṽλij`) + αλij`θ` vij` ∀i j `

is the conditional generating processes of the key variables:

• Conditional independence among all the observed records given
their respective unobserved true records

p(v | ṽ , λ, α, θ) =
L∏

i=1

ni∏
j=1

p∏
`=1

p(vij` | ṽ , λ, α, θ)



Partitions, record linkage and population size

• We assume p(λ|N) =
∏

ij p(λij) =
∏

ij
1
N =

(
1
N

)n
I L independent SRSWR of size nj from N labels
I p(λ|N) induces a prior on the partition space,
I Let k be the number of blocks of the partition Z with labels U

p(Z |N) =

(
1

N

)n
N!

(N − k)!
p(U|Z ,N) =

(N − k)!

N!

and

p(k |N) =
S(n, k)

Nn

N!

(N − k)!

where S(n, k) is the Stirling number of second kind

• As a prior for N we take p(N) ∝ 1/Ng



Suppose that each population unit j ′ undergoes Tjj′ capture attempts
Xjj′t for t = 1, . . .Tjj′ (for list j) where

• Tjj′
ind.∼ Poisson(δj) for j ′ = 1, . . .N, j = 1, . . . , L

• Xjj′t
ind.∼ Bernoulli(pj) for j ′ = 1, . . .N, j = 1, . . . , L, t = 1, . . . ,Tjj′

Let Xjj′ =
∑Tjj′

t=1 Xjj′t be the captures for unit j ′ in list j . Then

nj =
∑N

j′=1 Xjj′ and

p(λ1, . . . , λL|n1, . . . , nL) =
L∏

j=1

(
1

N

)nj

=

(
1

N

)n

where λj = (λ1j , . . . , λnj j) is the label sequence for list j

Condtioning on the list sizes eliminates the capture probabilities
and the duplication rates pj , δj j = 1, . . . , L



Hit-miss model and clustering

Let z ∈ Z be a partition block, vz = (vij : ij ∈ z) be the cluster of
records, uz be the label in U of the block z and ṽU = (ṽuz , z ∈ Z ) be the
relative sets of population records

p(v |ṽ , λ,N, α, θ) =
∏
z∈Z

p(vz |ṽuz ,Z ,U, α, θ)

p(ṽU |λ,N, α, θ) =
∏
z∈Z

p(ṽuz |Z ,U, θ)

Integrating out the unknown population values ṽ we obtain

p(v |Z ,U,N, α, θ) =
∏
z∈Z

p(vz |Z ,U, α, θ).

p(vz |Z ,U, α, θ) can be obtained analytically for small clusters (size ≤ 3)
or via a recursive formula.



Computation and other prior assumptions

• Independent hierarchical normal priors for the logit trasformations
β` of the measurement error parameters α` = (α`1 . . . α`N) for
` = 1, . . . p

• Dirichlet priors for θ` = (θ` 1 . . . θ`M`
) for ` = 1, . . . , p

• We simulate the posterior

p(λ,N, β, θ|v) ∝ p(v |Z ,U, β, θ)p(U|Z ,N)p(Z |N)p(β)p(θ)

via a Metropolis within Gibbs algorithm



RL500 data set

• n = 500 synthetic records: complete names and date of birth

• 50 records duplicated and distorted. Single list with k = 450
entities.

fname c1 fname c2 lname c1 lname c2 by bm bd
1 CARSTEN MEIER 1949 7 22
2 GERD BAUER 1968 7 27
3 ROBERT HARTMANN 1930 4 30
4 STEFAN WOLFF 1957 9 2
5 RALF KRUEGER 1966 1 13

.

.

.
43 GERD BAUERH 1968 7 27

.

.

.

• To apply our model we transform name and surname via the
SOUNDEX algorithm and we divide the year of birth in 4 fields.

name fields surname fields day of birth fields
year month day

1 C 6 2 3 M 6 0 0 1 9 4 9 7 22
2 G 6 3 0 B 6 0 0 1 9 6 8 7 27
3 R 1 6 3 H 6 3 5 1 9 3 0 4 30
4 S 3 1 5 W 4 1 0 1 9 5 7 9 2
5 R 4 1 0 K 6 2 6 1 9 6 6 1 13
6 J 6 2 5 F 6 5 2 1 9 2 9 7 4



• p(N) ∝ 1/Ng with g=1.02. θ` are uniform on the simplex.

Prior mean and 0.99 quantile for αj′l approx. equal to 0.01 and
0.06. → strong believe towards low block distortion probabilities.

• Prior for microclusters: larger distortion probabilities would allow
to gather more records into the same cluster even if they do not
refer to the same entity. Instead, with low values of αj′l we force all
the clusters to have a reduced within-cluster variability and a
greater between-cluster separation.

• Jhondrow et al. (BKA 2018): entity resolution via micro-clusters
identification requires that the measurements errors go to zero as
the number of entities increases, i.e. infeasibility of cluster based
approaches for high dimensional record linkage problems without
introducing further information



●●●●
●

●

●

●

●

●

●

●

●●

420 440 460 480

k N
500 1000 1500 2000 2500 3000 3500

0.
00

00
0.

00
06

0.
00

12

0 0.02 0.04 0.06
FNR

0.
0

0.
2

0.
4

0.
6

0 0.06 0.11 0.15 0.19 0.23
FDR

0.
00

0.
10

0.
20

Posterior for K , N, FNR =
∑

j1<j2
(1−∆j1 j2

)∆true
j1 j2∑

j1<j2
∆true

j1 j2

FDR =
∑

j1<j2
∆j1 j2

(1−∆true
j1 j2

)∑
j1<j2

∆j1 j2
.



RL10000 data set
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Box-plots of the posterior distributions of K ,N,FNR and FDR for ten
blocks of size 1000 with approximately 800 single clusters and 100
two-elements clusters.



Syrian data

• We consider only victims in the province of Raqqa

• The VDC data set provides directly the English equivalents of the
Arabic names. For the CSR list, the English equivalents have been
obtained by software transliteration (additional noise!)

• After a preliminary data cleaning the resulting VDC data sets
comprises 1694 records. The CSR list presents only completely
identified victims for a total size of 1003 records.

• As in the previous experiments first and family names have been
transformed by the English version of the soundex algorithm and the
resulting fields have been considered as key variables together with
year, month and day of death for a total of 11 variables.



Three different analyses

• Separated lists. We fit our model to the single lists one by one (only
within list duplications allowed)

• Joined lists. We fit the model jointly to both the lists.

• Record linkage (only beween lists duplications allowed)

Cluster size
Analysis Data set 1 2 3 4
Separated lists VDC 1582.35 49.66 3.97 0.10

CSR 916.02 39.34 2.07 0.43
Joined lists VDC and CSR 1588.88 482.78 43.06 1.60

VDC 1519.14 77.01 5.91 0.63
CSR 899.89 46.00 2.60 0.48

Record linkage VDC and CSR 1833.25 431.52 0.00 0.00

Distribution of the cluster sizes averaged across MCMC simulations.
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Discussion

• General comments:

I Priors used in the Bayesian nonparametric inference (species
sampling) may be used in RL and duplications problems:
(species ↔ entity).

I The hit-miss model provides computationally tractable
marginal distributions for the cluster observations

• Specific comments on the population size estimation

I Different sampling designs lead to different distributions
p(Z |N), we investigated only the simplest situation
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