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Abstract

We study the technical efficiency of 15 regional employment offices in Finland from January 2007 to June 2018.
Our results support the existence of the matching function in the form consistent with the stock-flow approach
to matching. New evidence about efficiency is obtained using a recently published method that divides effi-
ciency into persistent and transient components. Of these, transient efficiency can be improved by allocating
resources more efficiently in the short run, while persistent inefficiency can be influenced by changes in manage-
ment and policies, which is possible only in the long run. It follows that persistent efficiency can be used for
planning policies, while transient efficiency can be used for setting targets for efficiency and monitoring perfor-
mance in the short run. We find large regional differences for both persistent and transient efficiency. Differ-
ences in total efficiency, with persistent and transient components, are smoothed by a negative correlation be-
tween transient and persistent efficiency. There is a great potential for decreasing unemployment by raising
transient efficiency: if all regions could reach maximum transient efficiency, the unemployment rate would drop

by 2.4 percentage points.
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1. Introduction

In this study, we employ the matching function
(MF) to model regional labor markets and
measure the efficiency of these markets using
stochastic frontier analysis (SFA). We present
results based on both traditional models like
those of Battese and Coelli (1995) and Schmidt
and Sickles (1984), as well as the recently sug-
gested model of Kumbhakar et al. (2014), Co-
lombi et al. (2014) and Tsionas and Kumbha-
kar (2014), which we call the four-way error
component model in the sequel.! The novelty
of the latter model is to distinguish between
two components of (in)efficiency: persistent
and fransient, which are time-invariant and
time-variant, respectively. The interpretation of
these components is helpful for policy pur-
poses: transient inefficiency can be reduced in
the short-run, by allocating resources more ef-
ficiently, e.g. with the help of engagement in a
continual improvement process and by taking
care of work motivation. Instead, persistent
inefficiency can be influenced by changing
structural factors like policy and management,
which is possible only in the long-run.

The matching function of the labor market,
which lies in the heart of this study, is defined
by Petrongolo and Pissarides (2001) as a well-
defined function that gives the number of jobs
formed at any moment in terms of the number
of workers looking for a job, the number of
firms looking for workers, and a small number
of other variables. In their review on matching
function studies, which includes more than 50

I This name, which is given by Tsionas and Kumbhakar
(2014), is used in the sequel. This model is alternatively
called “four random-components” (Colombi et al. 2014) and
“four error component” model (Sickles and Zelenyuk 2019).

studies, they notice that the earliest empirical
studies on matching function are from the
1980s. After publishing that review, an equal
number of studies on this subject seem to have
been published.?

There are two main theoretical approaches
to matching job seekers and job vacancies; the
older one is random matching, and the more
recent one is stock-flow matching. The studies
reviewed by Petrongolo and Pissarides (2001)
are based mostly on random matching, where
the (stocks of) job seekers and open job vacan-
cies meet randomly. If a job seeker accepts a
vacancy and the employer concerned accepts
this job seeker, there will be a match or a new
hire. The matching process — finding a success-
ful pair or a match — will take time, and open
vacancies and unemployed job seekers can co-
exist; the respective unemployment is often
called frictional (Warren, 1991). Studies pub-
lished after 2000 rely mostly on the more re-
cent stock-flow matching theory which focuses
on meeting of flows with the stocks in such a
way that the flow of new job seekers meets the
stock of vacancies, while the flow of new va-
cancies meets the stock of job seekers.

In the following, we divide studies on
matching function into three groups according
to various approaches. The first group consists
of studies trying to enlarge the basic (stock-
stock) MF to account for the heterogeneity of
job seekers and vacancies by inserting MF
variables describing job seekers by their pro-
fessional skills (share of high-skilled and low-
skilled), duration of unemployment (shares of
short-term and long-term unemployed), age
(young, senior) and participation in active la-

2 References for this paper include 25 studies published
after 2001.



bor market policy programs (ALMP). Lehm-
ann (1995) focused on the ALMP influence,
followed by Boeri and Burda (1996), Puhani
(1999), Dauth et al. (2010) and several more.
Among others using a similar matching ap-
proach, Lahtonen (2006), Hynninen (2007)
and Soininen (2006) focused on the influence
of job seekers’ levels of education and unem-
ployment duration.

Another group of studies starts after the
introduction of the stock-flow theory of match-
ing by Coles and Smith (1998) and Coles and
Petrongolo (2002), which were further extend-
ed by Gregg and Petrongolo (2005) and Coles
and Petrongolo (2008). The studies in this
group concentrate on testing between random
and stock-flow matching and were followed by
Lahtonen (2006), Soininen (2006), Forslund
and Johansson (2007), Sasaki (2008), Fransson
(2009) and Galecka-Burdziak (2017). Using
Swedish data, Forslund and Johansson (2007)
and Fransson (2009) present evidence for
stock-flow in favor of random matching, but
other results are mixed.

The third group of studies focuses on the
efficiency of labor markets using stochastic
frontier analysis (SFA), reviewed in Table 1.
From the review, it appears that studies typi-
cally assume random matching, estimate Bat-
tese and Coelli’s (1995) model (henceforth the
BC model), and use monthly data and the
Cobb-Douglas matching function. Notable ex-
ceptions for the model choice are Hynninen
(2007) and Hynninen et al. (2009) employing
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Greene’s (2005a, b) TFE model. The three
studies published in 2009 or later apply stock-
flow matching.

This study contributes to the third group of
studies mentioned above, which measure the
efficiency of regional labor markets using SFA
as a method. It also updates Finnish results
using recent data and confirming the relevance
of stock-flow matching. The main contribu-
tion, however, is the application of a recently
introduced method of SFA, the four-way error
component model of Kumbhakar et al. (2014),
Colombi et al. (2014) and Tsionas and Kumb-
hakar (2014), which accounts for regional het-
erogeneity, random noise, transient (time-vary-
ing) efficiency and persistent (time-invariant)
efficiency. To the author’s best knowledge, this
is the first time the four-way error component
model is used in the matching function litera-
ture. The results of this analysis show that
both persistent and transient efficiency differs
greatly across regions. Total efficiency, deter-
mined as the product of persistent and tran-
sient efficiency, differs a little less because
there is a negative correlation between tran-
sient and persistent components of efficiency.

The structure of this paper is as follows.
Chapter 2 presents the matching functions and
related efficiency measurement. The stochastic
frontier and regression models used to esti-
mate the matching function and efficiency are
presented in Chapter 3. The data are presented
in Chapter 4 and results in Chapter 5. Chapter
6 is for discussion and conclusions.
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Table 1. Studies on matching function 2003-2014.

Ilma- Fahr Ramirez | Destefanis | Hynninen | Hynninen | Hillman | Jeruzalski | Tomic
kunnas and Sunde and and (2007) etal. (2009) and (2014)
and Pesola (2005) Vassiliev | Fonseca (2009) Tyrowicz
(2003) (2006) (2006) (2009)
Research period 1988-97 1990-95 1980-97 2000-01 [ 1992-2002 | 1995-2004 | 1995-2003 | 1998-2008 | 2000-08 2000-11
Number of periods, |, 60m 18y 14 m 354 117 m 108 m 121m 108 m 144 m
data frequency!
Source country Finland France | Germany Switzer- Ttaly Finland | Finland | Germany | Poland Croatia
of data land
Number of regions 14 22 117 66 3 145 (120) 19 178 380 22
Method? FE, SFA SFA SFA SFA FES% S SFA SFA SFA SFA, DD SFA
Model: Battese-
Coelli (BC)/other? BC BC BC BC CSS BC, TFE | BC, TFE BC BC BC
Function: Translog/
Cobb-Douglas C-D Translog. C-D C-D C-D C-D C-D rans og C-D C-D
CES
(C-D)/other
Random/stock-flow | Random | Random | Random | Random | Random | Random | Random Stock- Stock- Stock-
Flow Flow Flow
Returns to scale* IRS, CRS CRS DRS DRS CRS DRS DRS DRS CRS/DRS
Effect of environmental variables in efficiency:
Share young
(<25) + + + + + + +
Share aged (>50) +/- +
Share LTU N v N
(>12m) i
Share ALMP6 + 4/-

Yy=annual, g=quarterly, m=monthly data

2SFA=stochastic frontier analysis; FE=fixed effects; GLS=generalized least squares; DD= difference in differences;

NLS=non-linear least squares

’BC= Battese and Coelli (1995); FE= fixed effects; CSS=Cornwell, Schmidt and Sickles (1990); TFE=true fixed effects

(Greene 2005b).

‘DRS=decreasing; CRS=constant; IRS=increasing returns to scale.

’Efficiency improves when variable grows: (+) ; efficiency decreases when variable grows: (-). Statistically significant (p<0.05)

effects presented.




2. Matching functions
In its simplest form, MF can be presented as
(1) M=t(V,,Uy),

where M, denotes the number of jobs formed
(matches), while U, denotes the number of un-
employed people looking for work and V, the
number of open vacancies in firms looking for
workers. The subscript t denotes that all the
variables in (1) are measured at time t. Note
that (1) is similar to a production function,
with M, presenting output and V, and U, pre-
senting inputs. To estimate an MF in practice,
the mathematical formulation for function f(.)
must be specified. The most common choice is
the Cobb-Douglas function,

(2) M=A(VS, )«(US, )

or, after taking logarithms on both sides of the
equation,

(3) m=a+avs+pus,

where m,=log(M,), a=log(A), vS=log(V3),
uS=log(US), o and B are coefficients.> The con-
stant (a) is sometimes called an efficiency or
mismatch parameter, reflecting the character-
istics of jobs and job searchers, including the
search behaviors of job seekers and differences
in skills and geographic locations of jobs and
workers (Kangasharju, Pehkonen and Pekkala,
2005,14). The Cobb-Douglas form is used in

> Note that if u and v are used to denote inputs, they are
always presented with the superscripts S or E referring to
stock or flow, respectively, if they present inefficiency (u) or
statistical noise (v), they are without superscripts.
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most empirical studies, though micro-founda-
tions for that function have not been provided;
note, however, that Stevens (2002) finds some
support for the Cobb-Douglas form in apply-
ing a “telephone-line” model for the search
and assuming that marginal search costs are
approximately constant. In addition to choos-
ing the Cobb-Douglas form in empirical stud-
ies, it is often assumed that returns to scale
(RTS) are constant, which means p=1-o in (2)
or (3).

In (1), the three variables are continuous,
observed at each point in time. Empirical stud-
ies rely most often on statistical data, e.g.,
taken weekly, monthly or quarterly. Following
the older random matching theory and apply-
ing monthly data provides an MF where the
flow of matches within a month t (m,) is ex-
plained by the stocks of vacant jobs (v,) and
unemployed job seekers (u,) at the beginning
of the month. Then, the matching function be-
comes

(4) m=a+ovs_+pu’, ;.

It is noted first that we need data for stocks at
the beginning of each month because using
stocks from the end of the month involves a
simultaneity problem: the monthly flow of
matches reduces the stocks of vacancies and
unemployed observed at the end of the month
and, in consequence, stocks and flows are de-
termined simultaneously. Second, in Finnish
statistics, data on stocks of vacancies and un-
employed are available at the end of month,
which is why stocks in (4) have the subscripts
t-1, referring to the end of the previous month,
in order to present the beginning of month t.
The MF in (4) presents a function consistent
with random matching, where it is thought that
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stocks of unemployed and job vacancies meet
randomly. Actually, the probability of a suc-
cessful job seeker and job vacancy match is the
product of two probabilities: 1) that a pair
meets and 2) that the pair is acceptable (An-
drews et al., 2002), but most studies do not
make this kind of decomposition. Because the
two inputs — vacancies and job seekers — are
stock variables in an MF like (4), the alterna-
tive notion for random matching is stock-stock
matching. There are plenty of empirical studies
estimating MFs in the form of (4) (see, e.g.,
Petrongolo and Pissarides, 2001).

A more recent method of model matching
is called stock-flow matching (Coles and
Petrongolo, 2002; Gregg and Petrongolo,
2005), in which the meeting of job seekers and
vacancies is directed in the following way.
When someone loses a job and starts searching
for a new job, they first check job vacancies
that are open when the person’s unemploy-
ment starts; in other words, the search is di-
rected toward the stock of open vacancies. If
the search ends without a match, the person
continues searching among the inflow of va-
cancies, i.e., those announced after the per-
son’s unemployment started. Symmetrically, on
the firm side of the market, employers search
first from the existing stock of job seekers, and
after that, if needed, from the pool of new job
seekers. While random matching is based on
the random meeting of vacancies with job
seekers, stock-flow matching stresses the meet-
ing of job seekers with the inflow of vacancies
on one hand and the meeting of vacancies with
the inflow of job seekers on the other. While
the traditional model for random matching has
been empirically applied since the 1960s, the
first stock-flow model was presented around
the beginning of the millennium by Coles and

Petrongolo (2002, 2005). Their model also
solves the time aggregation problem, which
refers to the use of discrete data available
weekly, monthly, quarterly, etc., while the pro-
cess of matching is instantaneous. For exam-
ple, with monthly data, the stocks of vacancies
and job seckers at the beginning of each month
present stocks for whole month, but this is in-
exact for two reasons: 1) the flow of matches
reduces those stocks, and 2) those starting un-
employment but not finding a job within a
month will be counted in the stock of unem-
ployed only at the beginning of the next
month, though they are “at risk” of finding
jobs from the start of their unemployment.?
Coles and Petrongolo (2002, 2008) and Gregg
and Petrongolo (2005) derive models for ran-
dom and stock-flow matching with a solution
for the time-aggregation problem. They also
test the validity of alternative matching models
and find evidence for stock-flow matching.
Though the model of Coles and Petrongolo
(2008) explicitly accounts for random and
stock-flow matching coupled with a solution
for the time-aggregating problem, it has not
been empirically applied to the estimation of a
matching function using methods for panel
data or SFA. The major reason for this might
be that, in this form, the model is inherently
non-linear, and handling non-linear panel data
is challenging and even more complex with
SFA. Instead of the non-linear modeling just
described, the matching function studies apply
the log-linear Cobb-Douglas function as be-
fore with random matching, but to enlarge the

4 The corrected or “at-risk” stocks of Coles and Petrongolo
(2008) consist of persons either unemployed at the begin-
ning of the month or becoming unemployed during the
month but not finding a job within the same month.



MF to concern stock-flow matching, they add
inflows of unemployed and vacancies as inputs.
This kind of Cobb-Douglas form was first sug-
gested by Coles and Schmidt (1998) and has
been followed by Hillman (2009), Jeruzalski
and Tyrowicz (2009) and Tomic (2014), among
others. The log-linear matching function with
stocks and flows of vacancies and job seekers
becomes

) mi,t:a+alvsi,t—1+Blusi,t-l+a2VFi,t+B2uFi,t »

where all variables are logarithmic, superscript
S refers to stock and F to flow, v, denotes the
inflow of new vacancies and uf;, the inflow of
new unemployed job seekers, both within
month t, v8; ; and u$;,, as before. Note that in
(5), subscript i is added for the stocks and
flows in the equation, informing us that the
matching function is estimated using regional
rather than aggregate data, as in (4) and other
previous formulas.

3. Stochastic frontier models and
the measurement of efficiency

3.1 The model of Battese and Coelli (1995)

The stochastic frontier models were intro-
duced by Aigner, Lovell and Schmidt (1977)
and Meeusen and van den Broeck (1977), who
proposed a composed-error model, which, us-
ing (5) becomes

_ s s F F
(6) m;=atoyvs; i +Bud; + o Bl v uy
where the error term e;, consists of two com-

ponents, v;, and u;: e;,=v; -u;, where v;, presents
statistical noise and u; presents inefficiency.

Markku Talonen

Like u;, the noise component v;, is assumed to
distribute independently and identically (i.i.d.),
and the two components distribute indepen-
dently of each other. The model is identified by
making the following assumptions about the
distributions of v;, and u; v;~N(0,6%),
u;~N*(0, 62,), or v, is distributed normally, and
u; half-normally, with variances of 62, and 2,
respectively. The latter assumption means that
u gets non-negative values only, u; >0. The ef-
ficiency for cross-sectional unit i is calculated
as E;=exp(-u,), and if u;=0, then E;=1, meaning
unit i is deemed efficient, while u;>0 results in
E<1 and unit i is inefficient (Coelli et al.,
2005).

In (6), inefficiency is time-invariant. Battese
and Coelli (1995) extended (6) to panel data,
changing it to the following:

_ S s F
(7) m; =a+a,vs; +Bus; | +o,vh
+B,ub; vy,

where subscript t for time is added to u; to
show that inefficiency is time-variant. Battese
and Coelli (1995) made another assumption:

(8) u;, ~N*(8’z;, o),

where N* refers to normal distribution, trun-
cated from below at zero, where bold letters
denote vectors, of which z’=(z,2;,,,2;,...,2x)
includes K environmental variables, and 8=
(8, 8y, 0,,...,8¢) coefficients of the latter, and
the apostrophe denotes the transposition of a
vector. Environmental variables are such exog-
enous variables that can influence the match-
ing process.’

> Note that in (8), values of z; are constant for the period;
in the estimations presented in this paper, they are repre-
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Assumption (8) places heterogeneity at the
mean of inefficiency; the underlying mean of
inefficiency is a function of environmental
variables z. Battese and Coelli specify the inef-
ficiency as u; = 8z+w;,, where w;, follows a
normal distribution with zero mean and vari-
ance o?,. To make u;, non-negative, it must
hold that 8z+ w;>0 which becomes w; >-(8'z))
or w;, follows a normal distribution truncated
from below at point — 8°z;. The efficiency for
unit i at time t is calculated as TE;=exp
(-u;)=exp(-8’z;-w,,). Equations (7) and (8) are
estimated in this study, and the results are pre-
sented as efficiency from the model of Battese
and Coelli, denoted E_BC_VRS and E_BC_
CRS, the former referring to variable returns
to scale (VRS) and the latter to constant re-
turns to scale (CRS), assumed alternatively in
estimation (Battese and Coelli, 1995, 326-7).

3.2 The model of Schmidt and Sickles
(1984)

This model is based on a conventional “fixed
effects” (FE) regression model for panel data
(Schmidt and Sickles, 1984), and is estimated
using equation (9),

_ S S F F
(9) m=a+a,v LB oyt +Bout ey,

where o; denotes the fixed effect for cross-
section i and ¢;, denotes random error. The FE
-model assumes that differences among cross-
sections, which are regional offices in our case,
can be captured in differences in the constant
terms, o,’S. The efficiency for area i is calcu-
lated as

sented by the first values for the period.

(10) E,=expla;-max;(&,)],

where 6, refers to the estimated value of a. Ef-
ficiency is time-invariant, and measuring it will
capture the effect of all time-invariant variables
besides efficiency (Greene, 2012a, 1583).

3.3 The four-way error component model

In the model of Schmidt and Sickles (1984),
the whole fixed effect is assumed to represent
inefficiency, implying that any unmeasured
time-invariant heterogeneity is assumed away.
A better solution would be if heterogeneity
and inefficiency were distinguished. For that,
Greene (20052, b) proposed the “true fixed ef-
fects” (TFE) and “true random effects” (TRE)
models. These models have three error compo-
nents: heterogeneity, inefficiency and random
noise. We tried to estimate both the TFE and
TRE models, but without success.

Recently, Kumbhakar et al. (2014), Colombi
et al. (2014) and Tsionas and Kumbhakar
(2014) proposed a model that decomposes the
error term into four components, as in the fol-
lowing equation:

(11) mi,t:a0+(lIVSi,t—1+Blusi,tr1+a2VFi,t+BZUFi,t+
a;-M; t Vi - Ui

where a; denotes cross-sectional heterogeneity,
n; persistent inefficiency, u;, time-varying inef-
ficiency and v;, random error. Though Colom-
bi et al. (2014) have proposed a one-stage
method to calculate the components in (11), a
three-step method proposed by Kumbhakar et
al. (2014, 326-7) is applied here. The following
are the three steps with this method:



Step 1.

Step 2.

Step 3.

Equation (11) is estimated as a panel
random effects model. This provides
us with the estimated coefficients
0,,000,B,,3,, random effects 4 and pre-
dicted values of residuals.

From step 1, we have the residuals
e;,, of which we know that

(12) e, =v;, —u;, + E(u;)),

i.e., residuals are decomposed into
noise and inefficiency in the stan-
dard way, making assumptions
about the distributions of these two
components as before:

vi, ~N(0, 62), u;, ~N"(0, 62), makes it
possible to estimate (12) as a stan-
dard normal-half-normal stochastic
frontier model for cross-sectional
data (Aigner et al., 1977). Note that
the difference between true and es-
timated values of residuals e, is ig-
nored here, which is the usual prac-
tice in multistage methods. After
estimating (12), inefficiency u;, can
be obtained by Jondrow et al’s
(1982) method, and transient effi-
ciency can be
RTE,; =exp(-u;).

calculated as

In this step, we use estimates of ran-
dom effects a; from the first stage.
Since a; = , - n; +E(n;), assuming p;
is iid. N(0O, 62) and n; is iid.
N"(0, 62), a Jondrow et al. (1982) es-
timator of inefficiency is obtained,
and persistent (time-invariant)
technical efficiency is calculated as

PTEi:eXp('ﬁi).
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It is noted that the methods for steps 2 and
3 are similar, but the dependent variable dif-
fers. After the three steps described above,
overall technical efficiency can be calculated
as OTE, =PTE;*RTE, .

In step 2 above, time-variant efficiency was
calculated using residuals according to the
normal-half-normal model. In the calculations
below, the analysis will be extended in a
straightforward way, replacing stage 2 with
three alternative ways of calculating time-vary-
ing efficiency. A related method was used by
Lien, Kumbhakar and Alem (2018) in a recent
study.6

Step 2, alternative one:

In step 2 above, residuals from equation (11)
were used to calculate the transient component
of technical efficiency by assuming that ineffi-
ciency was distributed half-normally and ran-
dom noise normally. In this alternative, the
assumption for random noise is the same, but
inefficiency is assumed to distribute i.i.d. and
follow the truncated normal distribution,
where environmental variables influence the
mean of inefficiency: u;~N"(p;,,62,), where
1;,=98"z; as in (8). This resembles the model of
Battese and Coelli (1995), but also following
Hadri (1999) and Hadri et al. (2003), the vari-
ances of random error and inefficiency are set
functions of exogenous variables, q=(q;...
Qik ), W=(Wi 1. wip)’

(12) o2;=exp(Nq;)

6 Lien et al. (2018) also replace the assumptions in step 2
and change the method in step 1 by employing non-paramet-
ric estimation.
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(13) o2=expy’w)),

where A and vy are coefficients to be estimated.”
Heteroscedasticity is taken into account for
inefficiency by (12) and statistical noise by (13)
(Greene, 2012a, 1558).

Step 2, alternative 2:

The second alternative for step 2 is the model
recently introduced by Paul and Shankar
(2018):

(14) e, =b+log(®(®’z;)+v;,,

where, ¢;, is a residual of (11), §; and z like in
(8), @ denotes the cumulative standard normal
function and b denotes a constant to be esti-
mated, equal to -E(u;,), v;, statistical noise. The
specialty of this model is to assume inefficiency
to follow the logarithm of the standard normal
cumulative distribution function of environ-
mental variables 8.8 Equation (14) is estimated
using non-linear least squares (NLS).

Step 2, alternative 3:

The third alternative model for step 2 is an ex-
ponential model with heterogeneity in scale
parameters. For the exponential model, E(u;)
= 1/0 = o, where 0 is the parameter of expo-
nential distribution. For heteroscedasticity, this
parameter is scaled exponentially for each
cross-section:

7 Similarly as variables 7 in (8), variables q; and w; are pre-
sented by the first values in the research period.

8 Note that ®(.) obtains non-negative values; when ®()=1,

inefficiency=log(®()=0, and if ©()<1, log(®()<0. Effi-
ciency is calculated as exp(-u,,)=exp(-log(D(.)).

10

(15) 0,=0exp(-8’z), i=1,...,N

(Greene, 2012a, 1553). In this case, scaling si-
multaneously influences both the mean and the
variance of the inefficiency distribution.

4. Data

In this research, monthly data from January
2007 to June 2018 are taken from the Official
Statistics of Finland website. As a proxy for the
dependent variable in the matching function,
which is new hires, the outflow from unemploy-
ment in to employment is chosen. The stocks
of unemployed job seekers and open vacancies
at the beginning of each month and the inflows
of new unemployed and vacancies within each
month are taken as inputs in the matching
function. It should be noted here that our vari-
able for new hires includes inflow into regular
jobs and is not subsidized by some ALMP pro-
gram. Similarly, vacancies do not include sub-
sidized jobs, and the unemployed do not in-
clude participants of any ALMP program like
labor training or subsidized employment.
Our proxy for the dependent variable, out-
flow from unemployment into employment,
has been chosen by Hynninen et al. (2009),
Ibourk et al. (2004), Fahr and Sunde (20006),
Hillman (2009), Jeruzalski and Tyrowicz
(2009) and Tomi¢ (2014). Vacancy outflow or
filled vacancies have been chosen by Hynninen
(2007), Broersma and van Ours (1999) and
Lahtonen (20006), while unemployment outflow
is chosen by Ilmakunnas and Pesola (2003).
The strongest argument for our choice is that
this variable is consistent with the inputs we
use here: the stocks and flows of unemployed
job-seekers. If filled vacancies were used in-



stead, inputs should include both unemployed
job seekers, job seekers who want to change
jobs (on-the-job seekers) and those outside the
labor force.” Unemployment outflow includes
hires but outflow to outside labor force in ad-
dition. For a more thorough discussion on this
issue, we refer to Broersma and van Ours
(1999).

However, we share a problem with all stud-
ies relying on register data from public em-
ployment offices. Though data on the regis-

* With our dependent variable intact, we could add em-
ployed job seekers as an input in order to measure crowding
out unemployed job seckers, but data on employed job seck-
ers were not available.

Figure 1. The inputs for matching function.
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tered unemployed are quite satisfactory, the
data on open vacancies are not, because only a
fraction of open vacancies are made available
to public employment offices. In Finland, pub-
lic employment services were used in 42% of
all new recruitments in 2011, 46% in 2012,
46% in 2013 and 56% in 2017. Regionally this
market share varied between 39 and 66 % in
2018 (Larja, 2019). We need to be aware that
this may bias the estimated MF; especially re-
gional differences in the usage of public em-
ployment agencies can bias our results for re-
gional efficiencies.

The following variables are chosen exoge-
nous environmental variables assumed to in-
fluence efficiency, all measured as shares of all

400,000

I 360,000

320,000

- 280,000

- 240,000
100,000

90,000 I- 200,000
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Source: Official Statistics of Finland (OSF).

2013 2014 2015 2016 2017 2018

Notes: stocks of unemployed job seekers and vacant jobs, U_Stock and V_Stock, respectively, and flows of unemployed job

seekers and job vacancies, U_Flow and V_Flow, respectively. Data not seasonally adjusted. U_Stock on right, other variables

on left axis.
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unemployed job seekers: young (less than 25
years old) unemployed, senior (more than 50
years old) unemployed, long-term unemployed
(duration of unemployment more than one
year), and those in the active labor market
policy ALMP programs.

In Finland, there are 15 offices that deliver
public employment and business services un-
der the Ministry of Economic Affairs and Em-
ployment. The regions of these offices, called
TE offices — formerly public employment of-
fices — are analyzed in this study. They con-
form mostly to the NUTS™ level 3, with three
exceptions.!!

5. Estimation results

10 NUTS=Nomenclature of Territorial Units for Statistics,
classification for areas inside countries, provided by the Eu-
ropean Union, https://ec.europa.eu/eurostat/web/regions-
and-cities/overview.

11 Of these 15 areas, three consist of two regions on the
NUTS 3 level: Hime, Kaakkois-Suomi and Pobjanmaa.

5.1 Stochastic frontier and regression
models estimated

The seven measures for efficiency estimated
and their acronyms are illustrated by Figure 2.
All the names begin with E to denote efficien-
cy, and first we divide efficiencies into time-
variant or time-invariant, denoted VAR and
INV, respectively. Next, we divide the models
into three types: the model of Battese and
Coelli (1995) (BC), the four-way error compo-
nent model (4C) and the model of Schmidt and
Sickles (1984) (SS). Further, the model of Bat-
tese and Coelli is estimated assuming both vari-
able and constant returns to scale, denoted
VRS and CRS, respectively. For the transient
efficiencies from the four-component model
there are three alternatives denoted TH, NL
and EXP as explained further in figure 2.
Results for all estimated models are pre-
sented in Tables 2 and 3. Every model, except

Figure 2. Classification and acronyms for the seven measures for efficiency.

Z Variable returns to scale (Model 3)

12

Constant returns to scale (Model 4)

EXP = exponential (Model 7)
(Model 2)

SS = Schmidt and Sickles (Model 1)


https://ec.europa.eu/eurostat/web/regions-and-cities/overview
https://ec.europa.eu/eurostat/web/regions-and-cities/overview

model 8, includes monthly dummy variables,
d,,...,d;,, the coefficients of which are not pre-
sented for brevity. In Model 8, monthly dum-
mies are inappropriate because the dependent
variable is assumed constant over the research
period. Note that dummy variables are includ-
ed in the MFs but not in their efficiency ef-
fects, i.e. environmental variables influencing
efficiency. The significance tests for the dum-
my-variables are presented in the test parts of
the tables: Hy=d,=...d,;;=0.

In this paper, two panel regression models
and six stochastic frontier models were esti-
mated as presented in Tables 2 and 3. Table 2
shows panel regression Models 1 and 2, and
stochastic frontier Models 3 and 4, estimating
Cobb-Douglas -matching functions, which in-
clude stocks and inflows of unemployed and
job vacancies as inputs. This kind of model
specification with inflows included in addition
to stocks, presenting the stock-flow approach
to matching, was first suggested by Coles and
Smith (1998) and was later used in stochastic
frontier models by Jeruzalski and Tyrowicz
(2009), Hillman (2009)12 and Tomié (2014).
The matching function consistent with the
older approach, random or stock-stock match-
ing includes only stocks and not inflows of job
vacancies and unemployed. As the stock-stock
models are nested in the stock-flow models, it
is easy to test between these models. We take
stock-stock models as the zero hypotheses and
stock-flow models as the alternative hypothe-
ses. The result is that stock-stock specification
is rejected in all four tests in favor of stock-

2 Hillman (2009) estimates a matching function employing
three alternative functional forms: Cobb-Douglas, Translog
and CES. In her tests, the Translog functional form is not
rejected in favor of Cobb-Douglas or CES.

Markku Talonen

flow specification, at less than 0.1% risk for
models 1-3 and less than 5% risk for model 4.

In all models in Table 2, we expect the co-
efficients of inputs (elasticities) to be positive.
Model 2 fulfills this expectation best, with
only one exception: the coefficient of the stock
of vacancies is negative, though insignificant.
In the BC Models 3 and 4, the negative coef-
ficients for the stock of unemployed and the
flow of vacancies refer to the congestion of
these factors, making matching more difficult.
Also, Jeruzalski and Tyrowicz (2009) and Tom-
i¢ (2014) find negative coefficients for some
inputs.

Table 4. Efficiency effects in stochastic frontier

The heteroscedasticity of inefficiency and
statistical noise can bias efficiency (Hadri,
1999). For Models 5 and 7, it was possible to
estimate a doubly heteroskedastic model sug-
gested by Hadri (1999), and modeling vari-
ances of inefficiency and statistical noise are
presented in Table Al in the Appendix. For
Model 6, the method of Hadri (1999) could not
be applied; instead, a group-wise heteroscedas-
tic model was estimated (Greene 2012a, 292).
For Model 8, the specification following Hadri
(1999) was trialed, but estimation was not suc-
cessful, possibly due to a small number of de-
grees of freedom. Finally, we note that though
the BC model was estimated in the canonical
or homoscedastic form, it is possible to account
for heteroscedasticity in this model, too."

14 This was notified by an anonymous referce.
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Table 2. Cobb-Douglas matching functions

Model 1! Model 2! Model 3 Model 4
Efficiency? E_VAR_BC_VRS E_VAR_BC_CRS
Dependent variable log(M) log(M) log(M) log(M)
Variable Coef. t Coef. t Coef. t Coef. t
Constant 0,086 0,33 1.16%%* 7,23 -0.798%** -8.00
Sy, 0425 | 293 | 0.87FF | 7,65 | -0.014%% | 398 | -0.0545% | -175
VS -0.0068 -0.29 -0,0088 -0,65 0.0373%%* 2,52 0.0566%** 3,57
uf, 0.477%%* 12.0 0.611%** 21,29 0.9007%** 29,45 1.069%** 31,94
v, 0.184%*** 6,07 0.065%** 3,83 -0.0348* -1,92 -0.0708*** -3,59
t -0.08%** -24.11 -0.065*** 28,02 -0.0523%** -19,35 -0.0414*** -14,49
Tests for models’
Hg:stock-stock 257.4 (p<0.001) 192 935.6 (p<0.001) 34.39 (p<0.05)
(p<0.001)

H,:CRTS 5.9 p<0.05 22.99 p<0.001 246.2 (p<0.001)

Hy:d,=...=d,,=0 219.7 p<0.001 251,37 p<0.001 2961.29 (p<0.001) 1638.15 (p<0.001)
logL (d.f.) 921.4 (30) 880.3 (19) 635.46 (24) 535.17 (23)
AIC 3.7 -1722.7 -1222,9 -1024,3
var(u)/(var(u)+var(v)) 0,15 0,083

Hy: no inefficiency

188.03(p<0.01)

-12.5(p<0.05)

*p<5%, ** p<1%, *** p<0.1%
Source: author's own calculations.

I A group-wise heteroskedastic model was estimated.
2Models 1 and 2 are FE and RE panel regression models; efficiency is not measured.

The next three rows present F-tests.
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Table 3. Models 5-7 for transient and Model 8 for persistent efficiency

Markku Talonen

Model 5!

Model 6!

Model 7!

Model 8

Efficiency

E_VAR 4C_TH

E_VAR_4C_NL

E_VAR_4C_EXP

E_INV_4C

Dependent variable

Residuals from

Residuals from

Residuals from

Random effects

model 2 model 2 model 2 from model 2
Coef. t Coef. t Coef. t Coef- t
Constant 0.61%* 2.22 0.29%** 6.87 0.157%** 8.41 0.223%%* 2.84
Hyd=...=d,;;=0 21.66 (p=0.0271) 49.13 (p<0.001) 14.52 (p=0.21)
logL (d.£) 35(78')65 1454.7 (15) 13(77')7 4 5('5’)7
‘(Ijzil(lti§+var(v)) 0.28 0.59 0.40 0.48

H,: no inefficiency

1118.07 (p<0.001)

98.96 (p<0.001)

678.26 (p<0.001)

12.37 (p<0.05)

AIC

-699.3

-89.64

-261.5

4.7

*p<5%, ¥ p<1%, ¥ p<0.1%

Source: author's own calculations. Note that all models in this table are stochastic frontier models.

UIn these models, heteroskedasticity was controlled as presented in Table A1 in the Appendix.
2 I'n these models, heteroskedastic robust variance-covariance matrix was estimated.
> Model 8 was estimated without seasonal dummies as explained in the text.

Clarifications: E_VAR_4C_TH: Efficiency (E), time-variant (VAR) from the four-way error component model (4C), efficiency
model truncated normal and heteroskedastic (TH); E_VAR_4_C_NL=Efficiency (E) from the four-way error component

model (4C), estimated with non-linear least squares (NL); E_VAR_4C_EXP: Efficiency (E), time-variant from the four-way
error component model (4C), exponential (EXP) distribution of efficiency; E_INV_4C: Efficiency, time-invariant (INV) from
the four-way error component model (4C).
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Table 4. Models 3-7.9

Model 3 Model 4 Model 5 Model 6! Model 7
Coef. t Coef. t Coef. t Coef. t Coef. t

Constant 20.086 | -0.54 | 1.19%%* | 933 | 2.88%* | 2386 |-4.50%**| -10.99 |17.19***| 6.16
(Silza;? young | g o5 | 545 | 358%% | 1073 | 4.70%%* | 2436 |10.44%| 10.15 | -38.56 | -6.79
Shatesenior | ) yoenn | 456 | ozzee | a6s | sase | 2529 | o0se | or | a4 | 66
(>50)

Share LTU 0.81%% | 217 023 151 | 0.950%%* | 12.74 5.89%%% | 393
Rate of ALMP |0.0060%**| 4.16 -0.002 135 |-0015%% | -11.62 -0.104%%% | 3.86

*Source: author's own calculations.

U This model could be estimated only with two efficiency effects.

5.2 Testing models for inefficiency and
returns to scale

A prerequisite for the estimation of a stochastic
frontier model is the existence of inefficiency.
If there would be no inefficiency in any sto-
chastic frontier model we estimate, the estima-
tion would boil down to estimating an ordinary
regression function using ordinary least
squares as the method (Greene 2012a, 1510).
As we estimate composed error type stochastic
frontiers and measure output efficiency, the
problem is well-defined if residuals are nega-
tively skewed. In case the distribution of re-
siduals is not skewed at all or positively
skewed, we cannot estimate a stochastic fron-
tier. If the residuals are positively skewed, we

B Note that Model 8, the model for persistent efficiency, is
also a stochastic frontier model. We assume, however, that
persistent (time-invariant) efficiency is not influenced by
environmental variables, and omit Model 8 bere.
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are facing the problem of wrongly skewed re-
siduals.’” We intended to estimate six models
as stochastic frontiers, and were successful for
all these models (models 3—8). Though success-
ful estimation as such points to trouble-free
residuals in these cases, we additionally use ap-
propriate tests to show the existence of ineffi-
ciency. Though there are tests that are based
straightforwardly to the skewness of residuals,
we use likelihood ratio (LR) tests, recommend-
ed by Sickles and Zelenyuk (2019, 375). For all
six models, the zero hypotheses for ordinary
regression equations are rejected in favor of
corresponding equations for stochastic frontier
models, at conventional risk levels (Tables 2
and 3).

Testing returns to scale is appropriate for
MFs, which in our case are the two panel re-

5 The software we use, LIMDEP (Greene 2012a), will warn
for wrongly skewed residuals, and the analysis will stop
there.
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Figure 3. Persistent efficiencies 2007-2017 by region. Source: author’s own calculations.
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gression models (Models 1 and 2) and the sto-
chastic frontier model for the BC efficiency,
Model 3.1 As these three models are of Cobb-
Douglas type, constant returns to scale, which
is our zero hypotheses, is associated with the
sum of the input coefficients being equal to
one. We can calculate that in these three mod-
els the sums of input coefficients are smaller
than one, referring to decreasing returns to
scale (DRS), which is our alternative hypothe-
sis. In one-sided tests, constant returns to scale
are rejected in favor of DRS, for all three mod-
els, at risks 0.001 (Models 2 and 3) and 0.05
(Model 1). Note that related studies in Table 1

16 Note that Model 4 is also an ME but it is estimated as-
suming constant returns to scale, which is why returns to

scale are not tested.
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Keski-Suomi
Eteld-Pohjanmaa
Pohjanmaa
Pohjois-Pohjanmaa
Kainuu

Lappi
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shows that in five out of ten studies reviewed,
DRS are obtained.

5.3 Average efficiency by region and time

Basic statistics of efficiencies and inefficiencies
measured are presented in Table A7 in the Ap-
pendix. The persistent efficiencies for each
area as averages for the whole period are pre-
sented in Figure 3, which illustrates that per-
sistent efficiency is measured consistently ac-
cording these two calculations, one from the
Schmidt and Sickles model (E_INV_SS) and
the other from the four-way error component
model (E_INV_4C).

In Figure 4, there are three curves for tran-
sient efficiency: E_4C_VAR_TH, E_4C_VAR_
NL and E _4C_VAR_EXP from Models 5, 6
and 7, respectively. It is seen that the distribu-
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tion of efficiency matters: the exponential dis-
tribution with E_VAR_4C_EXP provides the
highest, while the probit distribution with E_
VAR_4C_NL the lowest efficiencies. The as-
sumed distribution matters also when we com-
pare transient efficiencies to efficiency from
the BC model. As the former efficiencies mea-
sure transient efficiencies which are free from
heterogeneity and persistent efficiency, we
would expect higher efficiencies than from the
BC model, because the efficiencies from the
latter might involve elements of heterogeneity
or persistent inefficiency; recall that the effi-
ciency from the BC model (E_VAR_BC_VRS),
does distinguish neither persistent from tran-
sient efficiency, nor heterogeneity from ineffi-

ciency.”” Our expectation is partly fulfilled, as
the transient efficiencies from two models are
clearly higher than the BC efficiency, but the
third transient efficiency, E_VAR_4C_NL is
roughly on a similar level as the latter.

The total efficiencies from the four-compo-
nent model are calculated as the product of the
time-invariant efficiency E_INV_4C and three
transient efficiencies:

17 When Greene introduced his “true fixed” and “true ran-
dom” effects models, the aim was to distinguish heterogene-
ity (“effects”) from inefficiency (Greene 2005a,b).

Figure 4. Average time-variant and total measures of efficiency 2007-2017.
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- - E7T0T73 ...... Uﬁrate*

Source: Author’s own calculations.
*Rate of unemployment (U-rate) on the right axis.

Acronyms: E_VAR_BC_VRS=Efficiency (E), time variant (VAR) from the model of Battese and Coelli (BC) estimated assums-
ing variable returns to scale (VRS)E_VAR_4C_TH: Efficiency (E), time-variant (VAR) from the four-way error component
model (4C), efficiency model truncated normal and heteroskedastic (TH); E_VAR_4_C_NL=Efficiency (E) from the four-way

error component model (4C), estimated with non-linear least squares (NL); E_VAR_4C_EXP: distribution of efficiency as-
sumed exponential; E_TOT _1, E_TOT2 and E_TOT_3 are total efficiencies, see p. 19.
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Figure 5. The rate of unemployment (U_rate), recruiting labor problems (Labor_short) and effi-

ctency from the BC model (E_VAR_BC_VRS).
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Notes. U_Rate=unemployment rate (%), Labor_short=(1/10)*share of those enterprises facing problems in recruiting labor
(right axis), 10°E_VAR_BC_VRS, the efficiency from the BC model.

Source: Larja (2018) and own calculations.

E_TOT_1 = E_4C_INV*E_VAR_TH,
E_TOT_2 = E_4C_INV*E_4C_VAR_NL,
E_TOT_3 = E_4C_INV*E_4C_VAR_EXP.

Note that the curve for the BC model (E_
VAR_BC_VRS) in Figure 4 can be compared
to curves for total efficiency, because the BC
model measures efficiency, which is not divid-
ed into transient and persistent components.
Note also that the curves for total efficiency
follow the time patterns of the curves for re-
spective transient components of efficiency.
Figure 4 presents yearly averages of four
transient and three total efficiencies. The
curves in Figure 4 do not show major changes
from year to year, except the drop in efficiency
in 2008-2009 and subsequent rise in 2010-
2011. However, the model for transient effi-

ciency with exponential distribution of effi-
ciency, (E_4C_VAR_EXP) and the BC model
(E_BC_VRS) do not show such drop in effi-
ciency, and the latter efficiency is going up in
2009. The BC measure (E_BC_VRS) presents
rising efficiency in 2013-2016, unlike other
measures. In addition to curves for efficien-
cies, Figure 4 shows the rate of unemployment
and it can be seen a similar time pattern for the
BC measure (E_BC_VRS) and the rate of un-
employment; the respective correlation is 0.90
for the aggregate data used in Figure 4.1 Ef-
ficiency seems to rise when the rate of unem-

18 Respective correlations for other efficiencies ranged
-0.36-0.17 as presented in table AG. In the pooled data, the
correlation between E_VAR_BC_VRS and U_rate is 0.18
(Table A2).
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Figure 6. Average efficiency of areas according to 8 measures, in descending order by E_TOT 3.
Source: author’s own calculations.
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—*¥—E_VAR 4C EXP | 0.86 | 089 | 090 | 0.81 | 088 | 090 | 0.89 | 0.90 | 091 | 0.93 | 091 | 092 | 0.93 | 093 | 0.94
—E _TOT_1 0.67 | 067 | 075 | 051 | 059 | 0.63 | 0.66 | 063 | 0.62 | 061 [ 061 | 055 | 048 | 0.50 | 0.44
= - E_TOT2 058 | 055 | 0.67 | 044 | 051 | 055 | 060 | 0.56 | 053 | 052 | 053 | 049 | 0.38 | 045 | 0.40
===E_TOT_3 0.77 | 076 | 0.75 | 0.70 | 068 | 0.64 | 0.64 | 064 | 063 | 0.61 | 060 | 055 | 048 | 048 | 043

Acronyms: E_INV_4C: Efficiency, time-invariant (INV) from the four-way error component model (4C); E_VAR_BC_
VRS=Efficiency (E), time variant (VAR) from the model of Battese and Coelli (BC) estimated assuming variable returns to
scale (VRS); E_VAR_4C_TH: Efficiency (E), time-variant (VAR) from the four-way error component model (4C), efficiency
model truncated normal and heteroskedastic (TH); E_VAR_4_C_NL=Efficiency (E) from the four-way error component
model (4C), estimated with non-linear least squares (NL); E_VAR_4C_EXP: Efficiency (E), time-variant from the four-way
error component model (4C), exponential (EXP) distribution of efficiency; E_TOT_1, E_TOT2 and E_TOT_3 total efficien-
cies, see p. 19.
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ployment rises and vice versa. This is a result
that requires explanation, which we describe
in Figure 5, where the curves for efficiency and
the rate of unemployment are reproduced and
a curve describing difficulties in recruiting la-
bor (Labor_short) has been added. It turns out
that the latter is roughly a mirror for the curve
for the rate of unemployment. In 2007-2008
the rate of unemployment (around 7%) is the
lowest in the research period, there are a lot of
recruiting problems and efficiency is low.
Starting in 2009 the rate of unemployment
rises, while recruitment problems decrease and
efficiency rises.

A similar pattern follows in 2011-2017 with
minor exceptions. In periods of high recruit-
ment problems, many open vacancies cannot
be filled and matching becomes less efficient.

Figure 6 presents regional efficiency scores
according to seven measures in descending or-
der of total efficiency, E_TOT_3 (dashed line).
With a few exceptions, the order according to
this total measure is the same as that of persis-
tent efficiency from the four-way error compo-
nent model (E_INV_4C), presented with gray
columns. The most remarkable exception is
Uusimaa (Helsinki region), with good persis-
tent efficiency but very low transitory efficien-
cy measured by E_VAR_4C_TH and
VAR_4C_NL, but a lot higher by E_VAR_4C_
EXP. Otherwise, moving from the leftmost
and totally most efficient region of Pohjois-
Pohjanmaa to the right, transient efficiency
seems to rise, but persistent efficiency drop,
such that the total efficiency declines. Persis-
tent efficiency seems to dominate total effi-
ciency. Efficiency from the BC model (E_
VAR_BC_VRS) provides values between mea-
sures for transient and persistent efficiency.
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Spearman correlations between the nine
measures for efficiency are presented in Table
A2. Tt is seen that as for efficiency, the two
measures for time-invariant efficiency rank
employment offices in a very similar way, as
the rank order correlation is 0.97. The correla-
tions between transitory and persistent effi-
ciencies are high and negative. As the total
efficiencies are obtained as products of tran-
sient and persistent efficiencies, the differ-
ences in total efficiencies are smoothed by this
negative correlation. Total efficiencies are
more closely related to their persistent than
transient components: correlations between
the total and persistent efficiencies are high
and positive, while those between total and
transitory efficiencies are high and negative.
The three measures for transient efficiency
rank offices rather similarly. Efficiency from
the BC model (E_BC_VRS) is positively and
moderately correlated with the two measures
for persistent efficiency but highly and nega-
tively correlated with the three measures for
transient efficiency. Clearly, the BC efficiency
does not measure the same thing as the tran-
sient efficiencies. Instead, the BC efficiency is
rather closely related to two total efficiencies
but the rank order correlation with the third
one is lower. For the BC efficiency, our conclu-
sion is that this measure, though measuring
time-variant efficiency, is at worst as transient
efficiency is concerned, but a lot better when
persistent or total efficiency is concerned. If
we are mainly interested in the total efficiency
and the rank order of our offices, rather than
the level of efficiency, the BC efficiency has
some value as a measure for efficiency.
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5.4 Potential increase in hires and
decrease in unemployment if all areas
were maximally efficient

In this section, we estimate how many more
hires would be provided if all the offices could
attain maximum efficiency. In this paper, effi-
ciency is measured in output direction (output
efficiency). Accordingly, an efficiency score 0.8
for an office means this office has produced 80
per cent of the maximum number of hires pos-
sible for this office, given its inputs. We can
calculate that in this case the potential number
of hires would be the observed number multi-
plied by 1/0.8=1.25. In other words, this office
should produce 25 % more hires to become
efficient. This calculation can be presented as
Mr= (EY/E°)"Me, where MP denotes potential
and M observed hires, while Ef denotes tar-
geted and E° observed efficiency. In our ex-
ample above, we set E'=1, which means that we
are targeting 100% efficiency. This calculation
is valid for a measure of efficiency with one
component. With two components of efficien-
cy as in the four-component model, the calcu-
lation seems a little more complicated. In this
case we denote transient efficiency from the
four-component model with Ee,,.. and persis-
tent efficiency with Ee . where superscript o
refers to observed values, while the corre-
and

trans

pers>

sponding target values are denoted Et

trans

E', .. In addition, we calculate and denote ob-
served and targeted total efficiencies as
Eot()t: Eotrani pcr@ and Ett()t pcri' Ettrans’

respectively. The potential hires with maxi-
mum total efficiency would be

Mp= (Bt /E° )" Me=((Et . E

tot’ pers tram)
(E°

WE trans)) MO:Ettrans/E trans

/

pers
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where the last equation follows because we as-
sume only transient efficiency can be removed
while persistent cannot: Et . =E° ... The re-
sults for these calculations are presented in
Table A3.

As an example we calculate potential hires
for region Uusimaa using efficiency from the
BC model, in which case we have: M°=4252,
E°=E_BC_VRS=0.76 (the table below Figure
6), E:=0.86. The value for the efficiency target
Et is the highest efficiency observed across re-
gions; these efficiency targets are presented in
Table A3. The potential hires in this case are
(0.86/0.76)4252=4811, and targeted efficiency
would require 4811-4252= 559 more hires. An-
other example is for Pirkanmaa and transient
efficiency calculated using truncated normal
and heteroskedastic model E_4C_VAR_TH.
Here we have: Et=0.97, E°=0.77, M°=2466, so
Mr=(0.97/0.77)2466=3107 (see table under
Figure 6 and Table A3), and 641 more hires
would be required.

The increase of hires required to achieve
maximum efficiency for every office influences
the rate of unemployment. Following Hyn-
ninen et al. (2009, 6), the reduced rate of un-
employment is calculated as: (average stock of
unemployed-12"increase of monthly average
hires)/(size of labor force), which in our ex-
ample for Uusimaa becomes (68209-
12"559)/776897=0.079. The unemployment rate
of Uusimaa was 0.088, so the difference is
0.079-0.088=-0.009, and the unemployment
rate would drop 0.9 percentage points, as seen
in Table A3, where similar calculations for
transient efficiencies from the four-component
model are presented, assuming that transient
efficiency can be removed, but persistent can-
not.



For the BC model and the whole country,
efficiency would provide 44 150 more hires,
reducing the rate of unemployment by 1.7 per-
centage points. Taking the average of the po-
tential increase according to three measures of
transient efficiency, there would be 60 400
more hires and a decline of 2.4 percentage
points in the rate of unemployment. Though
the era and models differ, we end up with re-
sults similar to Hynninen et al.’s (2009) study
using monthly Finnish data 1995-2003, which
shows the potential decrease in the rate of un-
employment to be -2.5 percentage points.

If persistent inefficiency could be removed,
the rate of unemployment would decrease by
3.7 percentage points. As the average rate of
unemployment in the research period was
8.1%. A major part of the latter, 6.1 percentage
points or 75% consists of matching inefficien-
cy, and 30% of the rate of unemployment
could be removed in the short run.

5.5 Marginal effects of environmental
variables

Environmental variables were added to the in-
efficiency parts of all stochastic frontier models
measuring time-varying efficiency (Models
3-7), while they were omitted in Model 8,
which measures time-invariant efficiency.!® The
results for the coefficients of environmental
variables are presented in Table 4, where we
see that many coefficients appear significant

9 Model 8 is a standard stochastic frontier model, and as
efficiency is assumed time-invariant, environmental vari-
ables could be included accordingly time-invariant or period
averages. Trials with this were not successful, however,
which may be due to the small number of degrees of free-
dom.
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but their signs differ across models. Though
looking at the size and significance of these
coefficients reveals which variables have influ-
ence on efficiency, these coefficients do not
reveal the direction and marginal size of the
influence. For that reason we present the mar-
ginal effects of those variables in Table A4.
There we can see that the most credible result
concerns the influence of the share of young
job seekers, which presents positive effect on
efficiency in three models (3, 4 and 7) but in-
significant or zero effect in two other models
(5 and 6). This result is also consistent with
seven previous studies out of nine reviewed in
Table 1.

In order to measure the influence of ALMP
on matching efficiency, a variable called Ratio
of ALMP was included in the environmental
variables. This variable is calculated as the fol-
lowing ratio: stock of participants/stock of un-
employed, where the participants belong to
job-seekers within any program of ALMP. We
find two statistically significant effects among
the five models reviewed in Table A4. For ef-
ficiency from the BC model, E_VAR_BC_VRS,
this ratio is efficiency decreasing while for one
of the three transient efficiencies, the exponen-
tially distributed E_4C_VAR_EXP, it is effi-
ciency enhancing. We note that this result is
not necessarily contradictory as the latter ef-
ficiency concerns transient efficiency while the
former one measures efficiency which is not
explicitly transient. However, the credibility of
the positive effect on transient efficiency is re-
stricted by the fact that this effect is present in
only one of the three models. In an earlier
Finnish study Hynninen et al. (2009) show that
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Figure 7. Cumulative changes (%) in efficiency, technology and productivity in 2007-2017.
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Source: author’s own calculations.

the inflow into ALMP programs has a rather
strong positive influence on efficiency.?

The efficiency effects mentioned above
were found monotonic in all the presented
models except Model 4, in which simulations?!
(not reported) reveal that underlying the aver-
age coefficients of zero for shares of young and
senior unemployed, there are negative mar-
ginal effects for small values and positive ef-
fects for high values of the variables concerned.

20 Ilmakunnas and Pesola (2003) and Hynninen (2007) do
not include variables measuring ALMP in their analyses.

21 Marginal effects were calculated with simulations run by
LIMDERP software (Greene, 2012b).
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5.6 Productivity change

In this section, we focus on the efficiency and
productivity measured using the results from
the BC model, model 4. This is because no pro-
ductivity calculations have been presented for
the four-component model before, and the
theoretical considerations required, are left for
future studies.

Productivity change (dP) can be calculated
as the product of efficiency change (dE) and
technical change dT: dP=dE'dT. From time t
to t+1, dE is obtained as the following ratio:
dE=E,,,/E,, where E, denotes efficiency at time
t. The efficiency for this calculation is taken
from Model 4, with an assumption of constant
returns to scale, meaning overall efficiency is
used, and both technical and scale efficiencies
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Figure 8. Matches according to two measures, the stocks and flows of vacancies and the average dura-

tion of filled vacancies 2007-2017.
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are accounted for.?? The average efficiency
change for all areas is counted as the geometric
mean of the efficiency changes across areas.
Consistent with efficiency change, technical
change is taken from Model 4 as well. There is
a linear time trend for years 2007-2017 in the

matching function, obtaining the coefficient
-0.041. Tt follows that technical change is exp(-
0.014)=0.959, or production technology re-
gresses around 4% a year, 1-0.959=0.041. This
change is the same between any two successive
years due to the linear trend.?

2 If technical efficiency is used instead, change of scale ef-
ficiency has to be included in the calculation of productivity
(See Coelli et al., 2005).

2 The change within a month can be calculated as
-0.041/12=-0.0034, or technology regresses 3.4 per mille
each month.
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Figure 7 shows that efficiency change is
negative for seven years, and positive for three;
only in 2008-2009 was efficiency change big
enough to dominate negative technical change
and contribute to a positive productivity
change. The average change in efficiency in
2007-2017 was zero. Due to technical regress,
the maximum production in 2017 was 34%
lower than in 2007.

The rapid technical regress and losing a
third of matches in consequence seems to re-
quire some explanation. Though a thorough
analysis for this issue is not possible here, we
find an interesting correlation between the du-
ration of filled vacancies and our proxy for
new hires, outflow from unemployment into
employment. The vacancy duration is the time
between the time, when a vacancy is first post-
ed and when it is filled by a worker. In Figure
8 we can see that in 2010 the number of new
hires was rather high (32 700), while the dura-
tion of vacancies was at its lowest (18.8 days).
Then the new hires started to decline, while
the duration of vacancies started to rise, and
by 2014, the former had halved while the latter
had doubled. That the recruitment process has
become slower manifests as technical regress
in the MF. It is easy to understand that longer
durations for vacancies mean less new hires in
a month ceteris paribus, but without further
investigation it is impossible to know what is
underlying the lengthening of vacancy dura-
tion. One explanation could be that employers
anticipate growing difficulties in filling vacan-
cies, and for that reason they keep vacancies
open longer to give job seekers more time to
find out their jobs, or use more time for screen-
ing more job seekers with the help of inter-
views and tests. Also, employers may think that
the quality of the pool of job seekers may have
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declined with the growth of the share of long-
term unemployed in that pool. It is to be noted
that no major changes in the information tech-
nology used in the recruitment process can be
seen in the research period, as the vast use of
Internet and self-service by employers and job
seekers has been introduced a lot earlier.

We saw above that the average duration of
filled vacancies has lengthened a lot. Looking
at the job seeker’s side of matching, we will
discover a parallel occurrence there: the dura-
tion of unemployment and in consequence the
number and share of long-term unemployed
have risen (Figure A3). It is easy to find out
that if the duration of vacancies grows, the du-
ration of unemployment grows in consequence.
And longer duration of unemployment pro-
vides more long-term unemployment. Lah-
tonen (2006) and Hynninen (2007) have shown
that a higher share of long-term unemployed
influences less matches. Note that in these two
studies, the share of long-term has been in-
cluded in the MF, to describe the search inten-
sity of the pool of the unemployed, and these
studies are dealing with matching technology,
as we are with the help of a linear trend in-
cluded in the MF.% Instead, we do not include
the share of long-term unemployed in the MF,
but as a variable influencing the efficiency of
matching.

5.7 Seasonality and efficiency
measurement

The variables in our MF show strong seasonal-
ity (Figure 1). To deal with seasonality, related

2 In this study, like several others, the share of long-term
unemployed was included in the efficiency effects, i.e. envi-
ronmental variables influencing matching efficiency,



studies have followed one of the following ap-
proaches: 1) omitting seasonality, 2) including
monthly or quarterly dummy variables and 3)
doing seasonal adjustment to variables before
estimation. For example, Hynninen et al.
(2009) do not treat seasonality at all, Hynninen
(2007), Ibourk et al. (2001), Jeruzalski and Ty-
rowicz (2009), Hillman (2009) and Tomié
(2014) add seasonal dummy variables, while
Lahtonen (2006) and Galecka-Burdziak (2017)
employ seasonally adjusted data.?

We address seasonality by adding monthly
dummy-variables in all models estimated ex-
cept model 8, where no seasonal variation is
allowed because constancy of the dependent
variable over the research period is assumed.
All models including seasonal dummies, Mod-
els 1-4 (Table 2) and Models 5-7 (Table 3)
were tested for the significance of the seasonal
dummies. The monthly dummies appear sig-
nificant in all models tested except Model 6.
For most models, the risks associated with the
tests were smaller than 0.001.

Next we consider how seasonal adjustment
using monthly dummy variables influences ef-
ficiency derived from stochastic frontier mod-
els. We focus first on the BC model (Model 3)
with two residual components, one for ineffi-
ciency and the other for random noise. Includ-
ing these dummies will change the distribution
of residuals and their components, and influ-
ences efficiency in a way that is difficult to
predict. More specifically, adding dummies
influences the skewness of the residuals which
is essential for the appearance of inefficiency.
Figure A5 shows that adding dummies allevi-
ates skewness and increases standard deviation

2 In some of the models, Lahtonen (2006) uses seasonal
dummry variables.
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of efficiency in the BC model, and in conse-
quence the average level of efficiency rises
slightly, from 0.73 into 0.75.

Figure Al shows that the monthly pattern
of efficiency from the BC model is greatly af-
fected by the use of dummy variables. The use
of monthly dummies raises the level of effi-
ciency for most months except May. The time
pattern of matches shows that the best three
months are January, May and August, while
the least matches appear in June, July and De-
cember. The BC efficiency shows a similar pat-
tern being high in May and August, rather
high in January, and rather low in June, July
and December. But including monthly dum-
mies makes June and July the most efficient
and December rather efficient, while lowers
efficiency in May, but improves it slightly in
August. Seasonal adjustment smoothes match-
es upwards in June, July and December but
downwards in May and August. Let us look
more closely at the average output and inputs
in June, July and August. First we recall that
among the four inputs, two are “good” or have
positive influence on the number of matches:
the inflow of unemployed job seekers and the
stock of vacancies, with coefficients 0.9 for the
former and 0.037 for the latter (Table 2). Figure
A4 shows the curves for the pooled monthly
averages of the four inputs. Looking at the job
seekers side shows that the inflows of unem-
ployed job seekers rise and reach top levels in
June and July; this is consequence of school-
leavers entering the labor market. This clearly
contributes to the top levels for the stock of
unemployed job seekers a month later, in July
and August, respectively. Looking at the va-
cancies side shows that the flow of new vacan-
cies drops month by month from the top in
February to the bottom in June and August,
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and implies the low stocks of vacancies in July
and August. Overall we see congestion of un-
employed: though the inflow of unemployed
represents a “good” input, it is too big com-
pared to the stocks of vacancies which are at a
low level. Therefore a major part of the job
seekers entering unemployment in June and
July remain unemployed until August, when
the inflow of vacancies rises again and match-
es reach a high level — one of their top levels
within a year. Low efficiency in labor markets
in June and July repeats every summer as the
supply of labor increases by the inflow of new
unemployed job seekers, while the recruit-
ments of labor are on a low level because it is
a holiday season.

We note above that if seasonal adjustment
(with dummy variables) is not done, the effi-
ciency follows the course of labor markets: ef-
ficiency is low in June and July due to conges-
tion of unemployment. When monthly dum-
mies are added, efficiency rises to yearly top
levels in June and July. Let us also see how
using dummies influences the efficiency tar-
gets for the months of June and July. The ob-
served numbers of matches are 1740 and 1550
in an average June and July, respectively, while
the efficiencies are 0.80 and 0.81, respectively,
if monthly dummies are used. Accordingly,
there should be 25% more matches in June
and 21 % in July in order to attain fully effi-
cient matching. If monthly dummies are not
used, the efficiencies are 0.57 (June) and 0.58
(July), and to attain efficiency there should be
75% more matches in June and 71% in July.
We conclude here to state that the targets con-
sistent with efficiencies calculated using
monthly dummies sound reasonable, while the
higher targets associated with no monthly
dummies used seem unrealistic. So it seems to

28

us that using dummies should be preferred,
but the final choice is left to those who use
efficiencies from the BC model to monitor per-
formance of public employment offices by pro-
fession.

Using monthly dummies for transient effi-
ciencies is an issue differing greatly from the
case of the BC model that we address above.
Recall that for the estimation of these efficien-
cies, a panel random effects model is estimated
in the first stage. In the second stage, random
effects and residuals from the model estimated
in the first stage are used to calculate persis-
tent and transient efficiencies, respectively. In
the first stage, when we estimate a matching
function, monthly dummies are included to
capture seasonal effects. We do not study the
case where dummies were not included in the
first stage. Instead, we trial adding dummies
in the second stage, i.e. we try to explain tran-
sient efficiencies with monthly dummies; the
results are shown in Figure Al. The overall
picture of the curves for the transient efficien-
cies shows that using dummies in the second
stage, provides similar monthly patterns as ob-
tained when dummies are not used. We inter-
pret this result such that as seasonal adjust-
ment is done in the first stage, i.e. in the MF, it
is not needed in the second stage, i.e. for the
transient efficiencies. Figures A6-A8 show
how explaining transient efficiencies with
monthly dummies influences the distributions
of those efficiencies. The first two figures show
mixed results, while the third figure shows
that the transient efficiency from the exponen-
tial model (E_VAR_4C_EXP) is robust to
monthly dummies. In conclusion, we state that
when seasonal adjusting of a matching func-
tion is done using monthly dummy-variables in
the framework of a four-way error component



model, the dummies are useful when applied
in the first stage, i.e. in the estimation of the
matching function, but not in the second stage,
i.e. in equations for calculating permanent and
transient efficiencies.

6. Discussion and conclusions

The first aim of this study is to investigate how
a matching function performs to explain the
functioning of Finnish labor markets. Addi-
tionally we want to find out which of the two
main approaches for modeling a matching
function, random or stock-flow matching, per-
forms better. We find strong support for the
existence of a matching function in the stock-
flow form. Also estimating the matching func-
tion as a stochastic frontier is strongly sup-
ported: all stochastic frontier models estimated
involve inefficiency.

Another aim for this study is to measure
efficiency using a new method of stochastic
frontier analysis: the four-way error component
model, which is capable of dividing efficiency
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into transient and persistent components, and
additionally separating heterogeneity and ran-
dom noise from efficiency. To the author’s best
knowledge, this is the first time the four-way
error component model is estimated in the lit-
erature on matching function. The results
show a moderate level for average persistent
efficiency and a moderately high level for aver-
age transient efficiency. The total efficiency,
which is computed as the product of the per-
sistent and transient components, presents low
efficiency on an average. To attain a high total
efficiency is stringent by construction: the
product of two efficiencies is at most as high
as the component with a lower value. Regional
differences appear large, especially for persis-
tent efficiency. For total efficiency, the region-
al differences are smoothened by a high nega-
tive correlation between persistent and tran-
sient efficiencies. Total efficiency is deter-
mined more by the persistent than transient
component.

To know the two components of efficiency,
persistent and transient, is to know better the
potential for increasing matches by improving

Table 5. Comparing average efficiencies in studies using Finnish data.

Traditional True fixed Transient Total
Period Battese effects (TFE) efficiency efficiency
erto and Coelli | model (Greene | (4-component | (4-component
(1995) 2005a) model) model)
Ilmakunnas and Pesola (2003) | 1988-1997 0.79
Hynninen (2006) 1995-2004 0.47 0.74
Hynninen et al. (2009) 1995-2005 0.50 0.89
This paper 2007-2018 0.75 0.75,0.87,0.90 | 0.52,0.60,0.62
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efficiency. In harmony with the originators of
the four-component model, it is assumed that
transient efficiency can be improved by a bet-
ter allocation of resources in the short run,
while persistent efficiency by changing man-
agement and policies, which is possible only in
the long run. There is a large potential to pro-
duce more hires and reduce the rate of unem-
ployment by raising transient efficiency. If ev-
ery office could attain the maximum transient
efficiency, the rate of unemployment would
decline by 2.4 percentage points. In a Finnish
study, which was published a decade before
our study, Hynninen et al. (2009) show the po-
tential decline for the rate of unemployment to
be 2.5 percentage points. Further, the calcula-
tion with our data and the efficiency from the
BC model presents 1.7 percentage points’ po-
tential decline in the rate of unemployment. It
is to be noted that the first two results present
time-varying efficiency, which for the four-way
error component model can be called tran-
sient, while the BC model does not estimate
pure transient efficiency because it may not
separate heterogeneity from efficiency. How-
ever, contrary to our expectations, the effi-
ciency from the BC model is higher and, ac-
cordingly, presents a lower potential decrease
in the rate of unemployment.

The volume of matches presents strong
monthly seasonality. We study how adjusting
seasonality by monthly dummy-variables influ-
ences the level and seasonal pattern of efficien-
cies. For most efficiency measures it does not
make a great difference whether dummies are
used or not. The exception is the BC model,
for which the inclusion of seasonal dummies
changes the level and seasonal pattern of effi-
ciencies to a noteworthy extent. We also find
out that using monthly dummy variables helps
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us to understand the changes of and targets for
efficiency during summer months, especially
June and July. We take a cautious stand for in-
cluding monthly dummies in MFs but leave the
final decision to be solved by those who moni-
tor the performance of employment offices by
profession.

The time-varying efficiencies, i.e. the effi-
ciency from the BC model and the three tran-
sient efficiencies, were estimated with efficien-
cy effects or environmental variables influenc-
ing efficiency. The results for these effects
were mostly mixed, but there was one consis-
tent result: a higher share of young unem-
ployed enhances efficiency. Similar results are
obtained in several comparable international
studies.

Finally, we made some comparisons for re-
sults between this study and two earlier studies
with Finnish data, see table 5. As the true fixed
effects (TFE) model and the four-way error
component model measure transient efficien-
cy?, we can compare the results from this
study to the results from Hynninen (2006) and
Hynninen et al. (2009). We find that the results
from the latter studies are in a broad harmony
with our results. Similarly, we can compare
results from the four BC models in Table 5,
and see that our study and Ilmakunnas and
Pesola (2003) present quite similar results,
whereas the efficiencies from the other two
studies are a lot lower.

2% Note, however, that the models used are not exactly sim-
idar. One difference derives from the methods: Hynninen
(2006) and Hynninen et al. (2009) employ Greene'’s (2005b)
true fixed effects model, while the four-way error component
model estimated in this study, is based on a panel regression
model with random effects.



This study has two contributions to the lit-
erature on matching function estimated using
stochastic frontier analysis: 1) It introduces the
stock-flow model in the Finnish literature on
matching in the framework of SFA?’, and 2) In
addition to conventional methods for the mea-
surement of efficiency, it uses a recent method,
which divides efficiency into two components,
transient and persistent, which are useful for
monitoring performance in the short and long
run, respectively. [J

27 Soininen (2006) is the first to apply the stock-flow model
of matching to Finnish data, but in a different framework:
co-integrated VAR-analysis.
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Table A1. Results for beteroscedasticity in the doubly heteroskedastic Models 5 and 7.*

Model 5 Model 7
E_ VAR 4 E VAR 4
C _TH C _EXP
Variance of u
Variable Coefficient |t-value |Coefficient |t-value
Constant 17.19*** 6.16
Share young (<25) -38.56*** | -6.79
Share senior (=50) -2.86* -1.89 -34.13*** | -6.63
Share LTU 5.89*** 3.93
Rate of ALMP -.104**> -3.86
Variance of v
Coefficient| t-value | Coefficient|t-value
Constant -3.23*** -51.9
Share young (<25)
Share senior (=50) 5.79 0.83

Share LTU

Rate of ALMP

“For Model 6, the doubly heteroskedastic model was not applicable, and the alternative method of group-wise heteroskedastic

model was applied.
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Table A2. Spearman’s rank correlations between variables, including nine measures of efficiency and
six environmental variables, N=2070.*

0w | Q
213 gl Bl 2| &
; Z ‘_Zl mn:' ﬂ'ol w | 2"_| $N|8m| & B |:_)
T38| |3 es|leslesl 2] Y| 4| 2
- 8|30 8|2 |8R|8BRIBR| = | B | B | &
~ © |sZlsol=s< EEE o 1loeilo e 2 s
3 3 < ¥ 2| S|zW|zw|izuWw »n » 7}
S12] o] ] v o

E INV SS

E INV 4C 0.97

E VAR BC VRS | 0.86 | 0.82

E VAR 4C TH | -0.83[-0.90|-0.72

E VAR 4C NL -0.70 |-0.75] -0.82 | 0.79

E VAR 4C EXP |-0.87]-0.89| -0.68 | 0.94 | 0.68

E TOT 1 0.96 [0.92 ] 0.89 [-0.75| -0.69 | -0.79

E TOT 2 0.68 [ 0.64 | 047 [-045] -0.13 | -048 | 0.58

E TOT 3 0.99 [099] 0.86 [-0.85| -0.71 | -0.85| 0.95 | 0.68

MU 0.00 [-0.04] 0.16 | 0.30 | 0.06 | 0.40 | 0.86 | 0.81 | 0.96

Share <25 -0.08 |-0.10] 0.28 | 0.13 | -0.04 | 0.19 | 0.47 | 0.36 | 0.41 | 0.51

Share >50 -0.56 |-0.64|-0.83 | 0.76 | 0.94 | 0.57 | 0.35 | 0.49 | 0.14 | 0.02 | -0.50

Share LTU 0.32 [0.36 | 0.22 [-0.60| -0.35 | -0.63 | -0.88 | -0.80 | -0.89|-0.86| -0.14 [ 0.16

ViU -0.0410.04| 0.10 {-0.04]| -0.33 | 0.14 | 0.16 | 0.01 ] 0.30 | 0.19] -0.40 | 0.08 | 0.00 |

*Correlations >0.044 or <-0.044 are significant at 5% risk-level, and correlations >0.073 or <-0.073 at 0.1%.

Source: author’s own calculations.
Acronyms for efficiencies, see Figure 2; M/U=job finding rate; shares <25, >50 and LTU are for young, senior and long-term
unemployed, respectively.
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Table A3. Potential increase in hires and influence on the unemployment rate in %-points.

Increase of hirings Change in U-rate, %-points
. Unemp- .
Employment office Size of | Unemplo loyment Fires
labor force | yed' e obsened? E4C_ | EA4AC_ | E4C_ E 4C_ |E_4C_| E 4C_
EBCV| VAR_ | VAR_ | VAR_ [EBC_[ VAR_ |VAR_ | VAR_
RS TH NL E VRS TH NL E
Efficiency target 0.86 0.97 0.88 0.94

Uusimaa 776897) 68209]  0.088 4252 559 2738 3085 682 -0.90 4.23| -4.76| -1.05
Varsinais-Suomi 223876 23676  0.106 2974 184 724 1115 167 -0.98 -3.88] 598  -0.90
Satakunta 106668  11829]  0.111 1284 271 55 9% 28| -3.05 0.62] -1.06] -0.31
Hame 177186]  20601]  0.116 2025 297 207 260 0 -2.01 -1.40] -1.76]  -0.61
Pirkanmaa 232821 28646  0.123 2466 152 641 822 168 -0.78 3300 424 087
Kaakkois-Suomi 147662 18809  0.127 1827 296 120 158 103] -2.41 0.98| -1.28| -0.83
Etela-Sawo 71020 8188 0.115 978 259 64 " 1| 437 -1.09] 019 -0.18
Pohjois-Savo 112381] 13347  0.119 1656 243 109 212 55| -2.59 A7 2271 -0.58
Pohjois-Karjala 74913]  11239]  0.150 1330 281 57 115 44| 4.50 0.92| -1.84 -0.70
Keski-Suomi 125703] 17435  0.139 1899 168 194 271 84| -1.61 -1.85] 259  -0.81
Etel&-Pohjanmaa 88411 7795 0.088 1466 193 47 167 16| -2.62 0.64] 227  -0.21
Pohjanmaa 114196 8693|  0.076 1081 210 46 205 12| -2.21 0.49] 215  0.12
Pohjois-Pohjanmag ~ 177482|  22882[  0.129 2952 0 917 1044 275 0.00 £6.20] -7.06 -1.86
Kainuu 35775 4930  0.138 659 213 0 0 0| -7.15 0.00[ 0.00 0.00
Lappi 83808 11939  0.142 1918 252 149 192 85| -3.61 214 275 1.22
All regions 2548799| 278217|  0.118] 28767| 3579 6071 7751 1279]  -1.69 -2.86] -3.65 -0.60

Source: Author’s own calculations.
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Table A4. Marginal effects of environmental variables in models for time-variant efficiency (Models
3-7) and minimum, average and maximum values of variables.

E_BVCA " E_\B{éR_ E_VAR | E VAR 1E VAR_ Min |Average| Max

VRS CRS 4C_HT | 4C_NL |4C_EXP
Measure -
Model Model 3 | Model4 | Model 5 | Model 6 | Model 7
Share young (<25 y.) 0.395*| 1.463* 1.117 0.000{ 1.070*| 0.077 0.161] 0.254
Share senior (>50 v.) -0.554*|] 0.293* 0.874 0.000f 0.990*| 0.254 0.391] 0.498
Share LTU (long-term
unemplovyed, >1 vear) 0.306* 0.096] -0.229 ) -0.139*| 0.104 0.247| 0.434
Rate of ALMP -0.00225* 0.001 0.003 - 0.00227* 16.5 28.6 42.7

"Model could be estimated with only two environmental variables included.

Table A5. Efficiencies from the BC model (Model 1) with and without monthly dummies in the MF.

E BC VRS |E_ BC VRS _[Observed [Hires_Targ [Hires_Target

WI (Mod 1) WO (Mod 1a)|Hires et WI Dum| WO Dum
January 0.75 0.68 2272 3035 3332
February 0.74 0.60 1783 2422 2956
March 0.73 0.65 2010 2771 3076
April 0.72 0.69 2036 2812 2940
May 0.73 0.79 2438 3337 3071
June 0.80 0.57 1740 2169 3048
July 0.81 0.58 1549 1902 2648
August 0.77 0.75 2407 3111 3225
September 0.74 0.62 1892 2544 3060
October 0.73 0.61 1793 2441 2945
November 0.73 0.61 1693 2326 2792
December 0.77 0.54 1346 1758 2514
Average 0.75 0.64 1913 2544 2983

Source: Author’s own calculations.
Note: E_BC_VRS_Wl=cfficiency with montbly dummies in the MF, E_BC_VRS_WO without dummies, hires observed and
hiring targets for efficiency: Hires_Target_W1_Dum (with dummies), Hires_Target WO_Dum (without dummies).
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Table AG. Correlations between efficiencies and the rate of unemployment using data from Figure 11.

E VAR BC |E VAR 4C|E_VAR 4C|E_VAR 4C

“wrs | "1 | T NC | Exp |E-TOT_1|E_TOT.2 |E_TOT3
U Rate 0.90 -0.36 0.11 0.16 -0.36 0.05 017
Table A7. Basic statistics of efficiencies and inefficiencies. (N=2070).
Efficiency Mean Std.Dev. [Var. Coef.| Minimum | Maximum
E _INV_SS 0.73 0.14 0.19 0.49 1.00
E INV_4C 0.70 0.13 0.19 0.46 0.89
E VAR BC VRS 0.75 0.08 0.11 0.60 0.95
E VAR 4C TH 0.83 0.03 0.04 0.75 1.00
E VAR 4C NL 0.76 0.11 0.14 0.43 0.97
E VAR 4C EXP 0.90 0.04 0.04 0.62 0.96
E TOT 1 0.60 0.10 0.16 0.37 0.73
E TOT 2 0.52 0.08 0.16 0.32 0.74
E TOT 3 0.62 0.10 0.17 0.42 0.82
Inefficiency Mean Std.Dev. |Var. Coef. | Minimum | Maximum
E INV_SS 0.27 0.14 0.53 0.00 0.51
E INV_4C 0.30 0.13 0.43 0.11 0.54
E VAR BC VRS 0.25 0.08 0.32 0.05 0.40
E VAR 4C TH 017 0.03 0.18 0.00 0.25
E VAR 4C NL 0.24 0.11 0.44 0.03 0.57
E VAR 4C EXP 0.10 0.04 0.39 0.04 0.38
E TOT 1 0.42 0.10 0.23 0.27 0.63
E TOT 2 0.48 0.08 0.17 0.26 0.68
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Figure Al. Hires and efficiency calculated either with or without seasonal dummies in the ME, by
calendar month, pooled averages 2007-2017.
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Note: E_BC_VRS_Wl=efficiency from the BC model (Model 3) with monthly dummies (black solid line), E_BC_VRS_WO
without monthly dummies (gray solid line); other with black lines with dummies, and similar grey lines without dummies.

Figure A2. Time-varying efficiencies, GDP vol. change % and unemployment rate, averages 2007~
2017.
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Source: author’s own calculations (efficiencies) and Statistics Finland.

40



Markku Talonen

Figure A3. Average duration of completed spells of unemployment and share of long-term (>1 year)
of all the unemployed; second degree polynomial trends added.
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Source: Author’s own calculations.
Notes: Dur_u_months=average duration (months) of completed spells of unemployment, Dur_vac_months=average duration
of filled vacancies, Share_LTU*10=share of long-term unemployed in percentage*10.

Figure A4. Logarithms of the four inputs monthly from January to December, yearly averages from
the pooled data. Source: OSF and own calculations.
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Figure A5.Kernel densities of efficiencies calculated from the BC model using monthly dummies
(E_BC_WI) or not (E_BC_WO).
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Figure AG.Kernel densities of efficiencies calculated from the transient efficiency E_VAR_4C_TH
using monthly dummies (E_VAR_4C_TH_WI) or not (E_VAR_4C_TH_WO).
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Figure A7 Kernel densities of efficiencies calculated from the transient efficiency E_VAR_4C_NL

using monthly dummies (E_VAR_4C_NL_WI) or not (E_VAR_4C_NL_WO).
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Figure A8.Kernel densities of efficiencies calculated from the transient efficiency E_VAR_4C_EXP
using monthly dummies (E_VAR_4C_EXP_WI) or not (E_VAR_4C_NL_WO,).

Tehy

E

a

\

43



