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Motivating example

Proportion of flexible contracts among employees in the Netherlands
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(LFS = Labour Force Survey; ER = Employment Register) =




Motivating example

Two approaches:
e Hidden Markov Model
(Pavlopoulos & Vermunt, 2015; Bakker et al., 2021)

* Macro-integration
(Mushkudiani & Pannekoek, 2019)




Hidden Markov Model

Assumptions: Yoy Yau Yor
 Markov property 7
« Measurement errors described by
probabilities 61\ @ X3 X) KXD
YielXe . . ./ _/ \
independent between units and 1
between Ylt and Y2t Yiu Yio Yis Yia Yir
Parameters of interest here:
 Marginal probabilities
X
T, =PX; =x)
* Transition probabilities %
Xe|Xe—
T[xflxtt—: = P(X; = x¢|Xt-3 = x¢-3)




Macro-integration

Mushkudiani & Pannekoek (2019): integration problem on aggregated data
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Comparison

Both approaches applied to the same data (ER and LFS, 2009 data):
e HMM results taken from Pankowska et al. (2018)
* MlIl results taken from Mushkudiani & Pannekoek (2019)

Marginal distribution of contract type: Three-month transition probability:

e ermanen: | reatie| v R | Foible > ermanent
ER 58.5%  15.1%  26.4% ER 7.3%
LFS 653%  11.0%  23.7% LFS 5.8%
M 62.5%  12.9%  24.6% M 6.2%
HMM | 61.1%  12.8%  26.1% 1.7%




This study

To explain differences:

* Theoretical analysis of the simplest scenario (T = 4)
e Simulation study on more complicated scenarios

This presentation: only the first part




The case T =4
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Hidden Markov Model: Minimize (J
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Macro-integration (using Kullback-Leibler divergence): Minimize
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ThecaseT=4

Three differences between HMM and MI:
1. HMM uses joint distribution of (Y;1, Y12, Y13, Y14, Y21, Yo0)  [w]  [a]  [w]  [w
so requires linked microdata.

M1 uses separate distributions of (Y;4, Y15, Y13, Y74) and
(Y,4,Y5,) so requires no linked microdata.
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2. HMM contains an explicit measurement error model.
MI does not, but does assume that

E(pYn Y14) E(pYZl Y24) ~ c)z(lb,XL}'

3. HMM uses the Markov assumption

X1,X2,X3,X4 _ X17.[X2|X1 X3|Xy _ XalX3
X1,X2,X3,X4 X1 xolx1 Tx3|X2 Tx4|X3
X1,X2,X3,X4 b

MI does not impose any structure on m, " "~ ". =




ThecaseT=4

Small simulation study inspired by LFS-ER application jj
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Marginal distribution of contract type: Three-month transition probability:
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ThecaseT=4
HM**: Minimize

Y11.¥12.Y13.Y" X1, Xo X2 X ¥51.Y: X1.X
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MI (using Kullback-Leibler divergence): Minimize

K K K K
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Both approaches use the same restrictions
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ThecaseT=4

| ()
Both problems have a closed-form solution
e HM**: Vi

Y11,Y14 ¥21,¥24
X1, X4 _ Priazys T Priay

Tryxq — 2

(arithmetic mean of two distributions)

 MI (using Kullback-Leibler divergence):

X X Y11,Y14 Y5, .¥:
104 = \/pxifm“pzf}xf“

(proportional to geometric mean of two distributions)




To be continued...

* Work in progress: simulation study to compare HMM and Ml in other,
more complicated scenarios

* Other possible applications of HMM

* Evaluate accuracy (bias, variance) of statistical output due to
random measurement errors

e Use HMM as input for a selective editing approach
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