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The data

Our sources :

@ Duboin, Felice-Amato, Raccolta per ordine di materie delle leggi cioe editti,
manifesti, ecc., pubblicati negli stati della Real Casa di Savoia fino all’8 dicembre
1798, Turin, 1818-1869, 30 volumes
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The data

Our sources :

@ Duboin, Felice-Amato, Raccolta per ordine di materie delle leggi cioe editti,
manifesti, ecc., pubblicati negli stati della Real Casa di Savoia fino all’8 dicembre
1798, Turin, 1818-1869, 30 volumes

@ A dataset containing 472 texts about logistics among 5775 documents issued
between 1559 and 1660 (8,17% of the legislation)

Theoretical issues in history
@ Sources quality
@ Processing the historical information
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Which time-scale for the analysis ?
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The study of temporal phenomena in history

Three levels of time in history (Braudel, The Mediterranean)
@ The geographical time (the time of the environment, with its slow, almost
imperceptible change)
Q The social time (long-term social, economic, and cultural history)
@ The event time ( the history of individuals with names : events, politics and people)
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The study of temporal phenomena in history

Introduction

Three levels of time in history (Braudel, The Mediterranean)
@ The geographical time (the time of the environment, with its slow, almost
imperceptible change)
Q The social time (long-term social, economic, and cultural history)
@ The event time ( the history of individuals with names : events, politics and people)

General tools : smoothing and highlighting trends (Labrousse)
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Monthly-issued logistics texts
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Is there a link between issuing legislation and war periods ?

Minimum Mean  Maximum
War (45.7%) 0 0.54 4
Peace (54.3%) 0 0.28 4
Whole data-set 0 0.4 4

Welch test : t=6.27, df=1017.32, p-value=5.3e-10
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Is there a link between issuing legislation and war periods ?
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Minimum Mean  Maximum
War (45.7%) 0 0.54 4
Peace (54.3%) 0 0.28 4
Whole data-set 0 0.4 4

Welch test : t=6.27, df=1017.32, p-value=5.3e-10

Can we go further ?

@ Is the State preparing for war ?

@ Is the State subject to inertia after a war period ?




Q Time-series segmentation
@ Zero-inflated Poisson - hidden Markov models (ZIP-HMM)
@ INAR(p)-HMM model
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Time-series segmentation

@ Change-point detection (Lavielle, 2004)

@ Regime-switching models
9@ Hidden Markov chains (Baum et Petrie, 1966)
@ Autoregressive regime-switching models (Hamilton, 1990)
@ Hybrid models MLP-HMM (Rynkiewicz, 1999)
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Time-series segmentation

©

Change-point detection (Lavielle, 2004)

@ Regime-switching models

9@ Hidden Markov chains (Baum et Petrie, 1966)
@ Autoregressive regime-switching models (Hamilton, 1990)
@ Hybrid models MLP-HMM (Rynkiewicz, 1999)

Transitions or breaks ?

Which models are adapted for integer-valued time series ?
Which model take into account the over-dispersion in zero ?
Which software ?

Conclusion
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First trip in Savoy : change-point detection with Matlab
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FIGURE: Change-points in mean
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FIGURE: Change-points in variance
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Second trip in Savoy : regime-switching models with R

@ The first segmentation was performed with existing packages (HMM,
HiddenMarkov)

@ Only “classical” distributions are implemented (Poisson, binomial, Gaussian,...)
@ Poisson-HMM estimation

riori du premier regime.
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@ Overdispersion in zero ?
@ Autoregressive structure ?
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Q Time-series segmentation
@ Zero-inflated Poisson - hidden Markov models (ZIP-HMM)
@ INAR(p)-HMM model
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Hiddden-Markov models with zero-inflated Poisson distribution

@ Zero-inflated Poisson distributions (Lambert, 1992)

0 with probability w + (1 — w)e—*
(X) ~ . » o= Xk
k >0 with probability (1 — w)
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Hiddden-Markov models with zero-inflated Poisson distribution

@ Zero-inflated Poisson distributions (Lambert, 1992)

0 with probability w + (1 — w)e—*
(X) ~ . » o= Xk
k >0 with probability (1 — w)

@ ZIP-HMM model

0 with probability w; + (1 — w;)e =i
(Xt|St = &) ~ . . e Miak
k >0 with probability (1 — w;) 7
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Parameter estimation

@ The likelihood is maximized through the EM algorithm
@ The complete likelihood may be written by introducing Z;|S; = e; ~ Ber(wj)

T 4a 9 16 e (S,,S
L(Z,X,S:6) :HHf(tht\St — gy 0)t (S0 H H m ¢ (St:St11) « C
t=1i=1 t=1 ij=1
— Xy X L(0,¢;)(Zt:St)
e Ai‘>

L.e)(Z0,S)
ou (X, Zt[St = €3 0) = w; T (L — )0 BoS) ( X!
f -
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E-step

Q(616*) = Eg» [IN(L(Z,X,S;0))X]]
= St {Pes (St = €1, Z = 1X] ) In(wi)

+  Pou(St =€, Z = 0[X] )(In(1 — wi) — Ai + X¢ In(Ai) — In(X!))}
+ St 2=y Por (Sto1 = &1, St = gj|X{ ) In(m;) @
Po+ (St = €, Z = 1[X] ) = Pg« (Zt = 1|X{ , St = &;)P+ (St = &i|X{ ) @

The last probability is computed with the Baum-Welch algorithm, while the first :

; 0if X >0
Po« (Zt = 1[X1 , St = €) = 4 Py (X,=0|Sy=e; ,Zi=1)Pgx (Z=1|S;=¢})
Pgx (X =0[St=¢;)

ifX¢ =0
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M-step

@ Updates are computed analytically :
_ TioPe(Si1 =6 S =¢X])
ij —
> 11 Pos (St = &[X])

Oéi* th:O Pg* (St =€ |XI)

ZtT:tzl Pox (St = € ‘xlT)
B > tx >0 Po+ (St = &i[X]) * X

Dtx=0 Por (St = &i1X] )(L — o) + Yx, 0 Po+ (St = &[X])

wj =

Ai
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ZIP-HMM : the time of events
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Conclusion
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Q Time-series segmentation
@ Zero-inflated Poisson - hidden Markov models (ZIP-HMM)
@ INAR(p)-HMM model

17/23



Introduction Segmentation Conclusion

0000000800
The INAR(p) model

9@ Take into account the dependence on the past
@ The INAR(p) model (Al-Osh, 1987, 1990) :

Xt =aioXi_1tazoXi_ o2+ -apoXi_p+eé (3)

where ¢t ~ P(A) et aj o X;_j = ZjX;I' & with & ~ Ber (o) independent of ¢ and
Xt7| .
@ The conditional density

fXtIXt—1, -, Xt—p: 0) =
XAX—1 _ X =i AX_2 :

[ i1, X¢_1—i 2 201 _ t—272 ..

Z Cxt71a1 (1— o) Z CX1,ZO‘2 (1— o)

ip=0 i=0
g — e A

(x¢—ig ip—1)AXt—p , , o i e ANt
s P a1 apytop NP
ip=0 —-pP (X —ip — -+ —ip)!
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The INAR(p)-HMM model

@ The INAR parameters depend on the states of a unobserved Markov chain :

(XISt =ei) =aijoXi_1+azioXi_o+ - apjoXi—p+e€y
where € ~ P(X\)

@ The log-likelihood is maximized via the EM algorithm
@ The complete conditional likelihood :

n n
Ln (X9, SPIX;6) = [T w(Sk—1:Si) [T FXkIXk—1, -+ » Xk—p, Sk: 6)Cte
k=p k=p

9 E-step:

n
Egr {logln(X{, ST: 0)IX1} = D > log(m(Sk—1 = 5i S ="))Pg/(Sk—1 =5, Sk ='[X])

k=ps,s’
n

+ 37 10g(F(Xec [ Xi—15 - -+ » Xk—p» Sk = 8i ))Pgs (S = sIX])
k=p s

@ M-step is computed numerically

Conclusion

©)
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INAR(p)-HMM :

Nombre de textes.

Probabilites a posteriori

o~
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the social time
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O Time-series segmentation
@ Zero-inflated Poisson - hidden Markov models (ZIP-HMM)
@ INAR(p)-HMM model

Q Conclusion
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Conclusion

@ Time-series segmentation on historical data is achieved on various time-scales

@ Humanities & social sciences data requires adapted methods (integer-valued,
over-dispersion in zero, irregular time series, fuzzy or imprecise values)

@ DiscreteTS may be used complementary to HMM or HidenMarkov
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