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1.1 Introduction e e s

« Since mid-2007, house prices in Israel have risen considerably,
by as much as 125%, which has made statistics on house
prices of key importance.

Evolution of the Israel House Price Index. (1994-2019)
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 The rise in prices also increased the need for short time lag
statistics on the housing market for decision-makers In
different parts of the economy: individuals choosing whether to
buy or sell a house, government policymakers assessing the
success of housing policies, builders, central bankers, and the
general public.

« A major obstacle to timely statistics is often the absence of a
complete, on-time dataset. In revisable statistics (unlike the
consumer price index), one way to overcome the problem is to
publish provisional indicators which are later revised.

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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Revisions in absolute size of provisional IHPIs (first, second and third)

(a) 1%t provisional price change J (b) 2" provisional price change
compared to the final result compared to the final result

(C) 3" provisional price change
compared to the final result

Revisions
Revisions
Revisions

Note: figures 1(a) — 1(c) present monthly revisions in absolute size of provisional price changes
(first, second and third). We define revisions as the final price change minus the provisional price
change.

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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1.2 The hedonic model for HPI in Israel "°°;°°"°”°"’“
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A HPI aims to measure the evolution of market prices for residential
properties » be unaffected by quality changes over time.

Main features of the IHPI:

« Hedonic methodology.
* A two months rolling-window time dummy method.
« A stock type index > Weighted Least Squares (WLS) regression

» Three explanatory subsets of variables:

d Dwelling physical characteristics
l Location characteristics
a Dummy variables

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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1.3 The basic hedonic regression equation

logP, _30+Zﬁlzv +znk ,k+zz<§lk1vz,k+ ZythM]m+£]

l2k

where the indexes j, i, k, m and t denote the transaction, sub-district, indicator variable the
transaction quality measures, the 6 districts and the month, respectively.

-
Note: The above equation is based on a standard time dummy method equation:

K
logp=p,+> BZ,+5*Time+e
k=1

But, instead of estimating separately the price change for each district, we added the
interaction between districts and quality variables which enabled us to obtain the price

changes of 6 districts in a single regression.
J

\_

Ottawa Group, Rio de Janeiro, 2019
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1.3 The basic hedonic regression equation (ont)
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logP, —ﬁ0+2ﬁl1v +z’7’< ,k+zz(slk1vzjk+ 2 VDM + €;

=2 k=

The corresponding variables are defined as follows:

O Dwelling physical characteristics

Z, number of rooms

Z, log of the area of the dwelling in m?,

Z, a dummy variable indicating a non-standard dwelling*

Z, log of the age of dwelling

Z: a dummy variable for newly built dwellings bought "on paper" (year of

construction after the year of transaction),

*single-family home, detached house, semi-detached house, penthouse, etc.

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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logP; = fo +ZﬁlN + Z”k e +ZZ S NiZji + z VDM + €

=2 k=
O Location characteristics
Zes socio-economic cluster of the statistical area where the transaction
occurs
Z, long-term level of dwelling prices of the statistical area where the

transaction occurs

d Dummy variables

N, fixed effect for sub-district i (a total of 18 sub-districts)

Min dummy variable taking the value 1 if transaction j occurred in district
m, m=1,...,6 and is O otherwise,

D, dummy variable indicating the month of the transaction

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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1.3 The basic hedonic regression equation (cont)

lOgP _:80+z:8LN +znk ]k+226lkNZ]k+ z)/thM]m‘FSJ

i=2 k=

Due to the logarithmic transformation of the price, the monthly price

change at the district level, is obtained as €’™ , and the national price

change is obtained by weighted aggregation over districts.

Ottawa Group, Rio de Janeiro, 2019
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sub-district for the computation of IHPI e s
Northern Weights e Weights
District (base period) | Sub-District | g\ pucprict | (base period)
0 Code 0
W, i
Haifa .

1. Jerusalem 16.21 11 Jerusalem 16.21
21 Zefat 0.40
!; 22 Kinneret 0.32
Central / 2. Northern 3.94 23 Afula 0.84
/ 24 Akko 1.76
1 : 25 Nazareth 0.62

Tel Aviv ] -
3. Haifa 8.97 31 Haifa 7.23
32 Hadera 1.74
41 HaSharon 3.95
42 Petah Tigwa 9.80
4. Central 23.77 2 Ramla 212
Jerusalem 44 Rehovot 7.90
51 Tel Aviv 20.91
5. Tel Aviv 374 52 Ramat Gan 9.84
53 Holon 6.65
6. Southern 8.61 62 Be'er Sheva 355
Judea and Samaria Area 1.10 74,76 1.08

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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sub-district for the computation of IHPI S

For the computation of the IHPI, we used inflation factors for each reported
transaction in a given sub-district.
N3 ociei X P

stock,i

Wi=y o
transactions,lt

Where

Notock i Is the number of dwellings in sub-district i during the base period

IS the number of transactions reported in sub-district i in the
month under consideration

Py Is the average price of dwellings in the sub-district during the
base period.

Ntransactions,i

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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Timelines of on-time reported transactions (2014-2018)

(a) Percentage of transactions executed in month t (b) Coverage rate of on-time reported
transactions for first provisional IHPI
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2. Reducing Revisions With

Nowcasting Model

2.1 Revisions in House Price Index

2.2 Nowcasting model

Ottawa Group, Rio de Janeiro, 2019
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 Deng and Quigley (2008) analyzed the magnitude of HPI revisions In
United States and their effects on prices in housing options markets.

» Average quarterly revision across 238 Metropolitan Statistical
Areas (MSAs) was low - about —0.125%.

» Large-scale revisions of about 1.5% were found in about
one-quarter of the MSAs, and in about 15% of the housing
markets, the average revision exceeded 2%.

« Clapham, Englund, Quigley, and Redfearn (2006) compared the HPI
revisions in repeat-sale methods and hedonic indices for Stockholm,
Sweden, over the period of 1981-1999.

» HPI revisions based on repeat-sale methods are prone to be
larger and downward compared to HPIs based on hedonic
methods.

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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« The term nowcasting is a contraction of “now” and
“forecasting”.

 In its most basic form, nowcasting can be summarized as
predicting the present and sometimes the recent past (Castle,
Fawcett, & Hendry, 2009).

* In the last decade the use of nowcasting models has been
growing rapidly, especially in economic time series, which are
published with long delays.

« Giannone, Reichlin, and Small (2008) pointed out that the
process of nowcasting can be formalized in a statistical model
which produces predictions without the need for informal
judgement.

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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3. Description of the nowcasting

model

(@) Nowcasting the average characteristicSiof
late-reported transaction

(b) Nowcasting the monthly averagelpricelof
the late-reported transactions

(c) Nowcasting the number of latezrepented

transactions

Ottawa Group, Rio de Janeiro, 2019

D. Sayag, D. Ben-hur, D. Pfeffermann,
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late-reported transactions S St S

o (2] (=] (4] D
Nowcasting } Nowcasting Nowcasting Adding the 'prt‘r?g'"élg_\t'jlst‘ Revising the

« The model-fitted values from the E ronbe ‘
regression model to nowcast the S

average characteristics of late-reported transactions are as follows:
5

Zy =vYo+ Z Yl nl T&

late-reported k=1 on-time reported
transactions transactions

Zy; — average number of rooms based on late-reported transactions

Zy 1 — average number of rooms based on on-time reported transactions

Z, . — average area based on on-time reported transactions

Z3. — average socio-economic cluster based on on-time reported transactions
Z4, — average age of dwelling based on on-time reported transactions

— percentage of dwellings that are not in a residential building, based on
on-time reported transactions
& — random error

Z5,nl

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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late-reported transactions S St S

The model presented in the previous equation utilizes the past behavior
of 12-months in a delay of 6 months and estimates the parameters

Yo and y.

To estimate the average explained variable for the current period we
used the following equation:

5
Zy =7Vt Z YiZyni
k=1

To estimate the rest of the characteristics, we replaced the explained
variable each time with the characteristic that we wished to estimate.

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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late-reported transactions Contal s of iatitcs
1]

Provisional (known) versus nowcasted s\l \ loveests R e
deviations for selected characteristics. oo UL Rl iy Y fens
2014_2018 transactions @

(a) Dwelling area
(72 o.ox
S
= -
3
=22 Lal sl Hsl T fol b |l 1sl Tsl |5 fsl bd |3l Isl 1ol 1o lol kd |3l 1ol lal I lol kd [ol 15l |sl |- |s
—Ln Size Before Correction == N Size After Correction

(b) Number of rooms
o.x
.06

o.0o4a

o.O0o2=2

Al 1sl sl | lol k4 [l 15l Il |2 1ol kd [+l Il Isl |2 Iol k4 [+l Il Il |l |of k4

20142 20131S 2016 2017

Deviations
0

-0. 0=

Al sl sl |- Isl

201=s

e N Rooms Before Correction em=| N Rooms After Correction

Note: The selected average characteristics are plotted on the vertical axis as deviations from the actual
(known 6 months later) average characteristics. The red line represents the average characteristics (based on
the known transactions) and the blue line represents the average nowcasted characteristics.

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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In the second stage, we nowcasted the monthly average
price of the late-reported transactions at the sub-district

level by fitting the following regression model.

5
Pp=ay,+ z Bk Zini + 6P, + &
k=1

Ottawa Group, Rio de Janeiro, 2019

D. Sayag, D. Ben-hur, D. Pfeffermann,
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the late-reported transactions Con oo St

o 2] © 4] 5]

SN Deviations of on-time and nowcasted eV b bl e ey
the average the average the number of § imputed ° |E\,‘E'| N provisional HPI
price of the characteristics } late-reporting inflated time until

late-reported  Jf of the late- transactions records to the ' Compiling HPI Jf obtaining the

averages from the average log prices [esesaypety
of the actual transactions -

0.03
0.02
0
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o
e
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#l On-time deviations of log prices % Nowcasted deviations of log prices
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L e e (4] e
Nowcasting Nowcasting MNowcasting Adding the GU”P"”&Q_HP' Revising the
the average \the average the number of § imputed _"}EF e district Y provisional HPI

price of the characteristics § late-reporting ) inflated X
records to the Jf Compiling HPI Jff obtaining the

dataset. at the district J final HPI

fime until

late-reported  Jf of the late- transactions

transactions reported
transactions

We used the following nowcasting model for predicting the number of late-

reported transactions for any given sub-district, based on the past 6 months:

Ntt Ntt Nt—1,t-1 Ni—2,t-2
— =t P tPry—— +Bs o tu
Ntit+e Nt—1,t-1 Nt—2,t—2 Nt_3t-3

where N ..¢ IS the final number of transactions carried out in month t (known 6
months later) and N._, ., Is the number of transactions carried out and

reported in month t - k, k = 0,1,2,3, with U, representing a random error.

Ottawa Group, Rio de Janeiro, 2019

D. Sayag, D. Ben-hur, D. Pfeffermann,
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After learning the proportion of the on-time reported transactions out of

the total number of transactions that will be obtained — NNt't — the final
t,t+6

number of transactions in district j is predicted as:

N, — Ni ¢
Ft = 3
Pt t+6

where NF,t Is the final number of transactions in a particular sub-district for

month t and FA’t,HGis the predicted proportion of transactions reported on time,

out of the total number of transactions.

Ottawa Group, Rio de Janeiro, 2019

D. Sayag, D. Ben-hur, D. Pfeffermann,
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transactions Ry

(c) Nowcasting the number of late-reported

Number of on time-reported transactions, \\—. .. A L

. . o ‘_LLE _LI _ | _IL:_I I_ ) atthe district § -
final number of transactions and pecone ) s ooy ) . e “Ene_% o
ate- e late- ansactions records to the -}JOI‘T—?DI"QQ' 0 taining the

nowcasted final number of transactions sz | e

(a) Jerusalem Sub-District (b) Tel Aviv Sub-District (c) Petah Tigwa Sub-District
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4. Empirical Results

4.1 The magnitude of revisions at theldistrictilevel

4.3 The magnitude of revisions at the natienalllevel

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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- . . o 2] © (4] e
8 Revisions of price changes in Nowcastng \Nowcasing \ Nowcasing \ Adding tne \ Compiing HP
. . . . the average '\the average the number of § imputed - bl -
SIX d | St rl CtS - NOWC aStI N g mo d el price of the characteristics} late-reporting inflated - time: until
late-reported ff of the late- transactions records to the Jf Compiling HPI Jf obtaining the
1 transactions J reported dataset. I?:retsre district ¥ final HPI
Versus trad |t|0na| mOdeI transactions ;
5]
(a) Jerusalem District (b) Northern District (c) Haifa District
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(d) Central District (e) Tel Aviv District (f) Southern District
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Revisions of price changes in
six districts - nowcasting model
versus traditional model

e (3] (4] e (7]
Nowcasting Nowcasting Nowcasting Adding the Cgtr?l’?emrg!?qtl—r'istl Revising the
the average the average the number of § imputed lovel provisional HPI
inflated

price of the characteristics } late-reporting
late-reported  Jf of the late-

time: until
transactions

records to the §f Compiling HPI Jf obtaining the
transactions reported dataset. Ig:é:‘e district ¥ final HPI
transactions @

Jerusalem Northern Huifa

Revisions District District District

Trad. NowC. Trad. NowC. Trad. NowC.
1-“ Prﬂ1’f5'fﬂﬁﬂf &P(%) 0.93 0.27 0.39 0.11 0.34 0.16
;Hmf Prﬂ1’f5'fﬂﬁﬂf &P(%) 0.76 0.22 0.28 0.08 0.28 0.14
3”" Prﬂ*lrfgfﬂﬂgf &P(%) 0.39 0.17 0.16 0.06 0.13 0.11

Central Tel Aviv Southern

Revisions District District District

Trad. NowC. Trad. NowC. Trad. NowC.
1-“ P?"U‘l’fﬁ'fﬂﬂﬂf &P(%) 0.38 0.17 0.48 0.22 0.51 0.20
jfﬂf P?"U‘l’fﬁ'fﬂﬂﬂf &P(%) 0.26 0.13 0.36 0.15 0.42 0.16
3”’ P?"U*l’fﬁ'fﬂﬂﬂf &P(%) 0.11 0.10 0.19 0.12 0.20 0.13

Notes: AP(%)= Price Change in percentage: Trad. = Traditional model (no nowcasting):
NowC. = Nowcasting model:

D. Sayag, D. Ben-hur, D. Pfeffermann,

Ottawa Group, Rio de Janeiro, 2019
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L . 1] e e (4] e (7]
a ReVI S I O n S Of p r I C e C h an g eS at Nowcasting Nowcasting Nowcasting Adding the RE’ViE‘”"g the
level

. . the average '\ the average the number of iﬂ_‘l_p_thE‘d PFI@V]S‘DI'[B] HPI
national level - nowcasting models e | I iy U=
141 transactions reported dataset. @\ﬁ’e national ¥ final HPI
versus traditional model. 2014-2018 Ik
2.0
LS
1.0
g os
-E 0.0
[ ="
-0.5
-1.0
T S ———————— S i e al A i e e - . )
_2_0 777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777
135791113579111357911135791113579‘
2014 2015 2016 2017 2018
Revisions Trad. Model NowC. Model
ISt Provisional APs) 0.25 0.12
2" Provisional AP 0.18 0.09
3@ Provisional APy 0.10 0.07

Notes: AP(%)= Price Change in percentage: Trad. = Traditional model (no nowcasting):
NowC. = Nowcasting model:

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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Concluding Remarks e e

O Timeliness and accuracy are considered to be the most important elements
in the quality of official statistics.

O In this paper, we developed nowcasting models as a possible way to deal
with the problem of late-reported transactions, which, as illustrated in the

paper, give rise to large revisions.

O Evaluation of the model during the years 2014-2018 at both the district and
national levels showed that nowcasted HPIs were more accurate than

traditional ones.

O We hope that our proposed model will raise awareness of the importance of
reducing revisions and encourage other countries’ national statistical offices,
facing similar problems of late reports, to try it out with similar success.

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019
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‘..... yesterday is :
tomorrow is a ,
today is a gift.
that’s why it is called the present.”

- Joan Rivers
(Kungfu Panda, 2008)

D. Sayag, D. Ben-hur, D. Pfeffermann, Ottawa Group, Rio de Janeiro, 2019



