






























































industries” non-systematic, cluster specific changes in business default risk are of comparable
size. Somewhat bigger cluster specific shocks to default risk are experienced in the retail industry
and the ”public and subsidized” sector. The industry with by far the largest cluster specific error
variance is the "real estate and finance” cluster, with a variance of 0.411. Since the variance
of the unsystematic part is fixed at a? = 1.645 for our choice of specification in eq. (5),
the implied correlation is 0.2. Column 1 shows that the estimated variance if equality across
clusters is assumed, is 0.254. However, a likelihood-ratio test easily rejects the restriction of a
common correlation across all clusters is strongly rejected: LR = 122.7 > «g5 (X%6)>’ The
clusters should be thus be examined separately, and not as one group. Column three shows
that including industry-specific parameters for the firm-specific variables has hardly any effect
on the size of the industry correlations. Moreover, column six illustrates that the way in which
industry clusters are defined has little or no impact on the quantitative importance of industry
specific correlations. Although the relative size of the correlations for the optimal clusters is
somewhat different, their overall impact is broadly consistent with the estimates in column two.

Finally, columns four and five help us understand better what kind of variation in the default
rate industry correlations capture. The exclusion of macro explanatory or firm-specific variables
from the model has a strongly varying effect on the size of our correlation estimates. Excluding
both simultaneously (column five) has virtually no impact on the estimates for the wholesale
and construction industries, while other industries, particularly the public/subsidized sector and
real estate & finance register substantially larger correlations in the absence of these explanatory
variables. This supports our view that industry correlations capture industry-specific effects,
and not economy-wide fluctuations in the default frequency. Re-including the macro variables
into the model (column four) further strengthens this view, since this once more shows that the
impact on the size of the estimated industry correlations varies substantially across industries.

Although we have no formal explanation of the differences between clusters, there may
be some heuristic explanations. The financial sector and real estate sector, were exposed to
fundamental changes during the 1990s, after financial markets had been deregulated during the
late 1980’s and early 1990’s. In the early 1990’s Sweden also experiences a banking crisis, the
effects of which may have been dissipated only slowly. The deep recession that struck Sweden
more or less simultaneously also had a big impact on the government budget and its contributions
to various (semi-)governmental organizations.

Despite there being good theoretical reasons for the inclusion of close business relations
within certain industries into models of default or credit risk [56][24], economic theory does
not help us much in forming a prior for the size of the industry specific error variances. We
presume that an (unconditional) correlation of 0.5 - the equivalent to a cluster variance of 1.645
- or even higher are plausible and that most of such correlation will be related to variation in

macroeconomic variables.
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Figure 3: A QQ plot for the estimated random effect components.

The figure compares the empirical distribution of estimated random-effect components of the model in
Table 3, column 2, to the normal distrbution. The scale of the vertical axis is determined by the dispersion
of observations for the normal distribution The actual empirical distribution is depicted by dots. If the
empirical distribution were to follow the normal curve exactly, the dots would overlap with the straight

line in the plot. The concave/convex lines provide 95 % confidence limits.
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When we compare the three models, the most substantial increase in cluster variances comes
about when the systematic part is excluded completely (column 4) - although the exact mag-
nitude of the effect varies somewhat between industries. The industry errors now capture part
of the variation in the default rate that macro - and firm specific covariates can no longer ex-
plain. For obvious reasons, we would like to know if and to what extent this result is solely a
consequence of a common impact that the macro-variables have on companies. To cast more
light on this issue, we re-estimated the model and included the macro variables while keeping
out the other explanatory variables. In the third column of Table 3, the estimates of the cluster
variances with this specification are displayed. Once again, the effect varies between sectors,
with the macro variables being able to explain more of the cluster variances for the ”govern-
ment” sector and “real estate and finance”. Overall, including macro variables and excluding
firm specific covariates reduces the estimated variances somewhat, but does not bring them back
to the level of the model with a full systematic component. Hence, we find that a substantial
part of the difference in the conditional and the unconditional correlations should be attributed
to the firm specific variables in the systematic part.

In the estimation procedure, it was assumed that the random-effect component, i.e. &7,
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follows the normal distribution with expectation equal to zero. To check the validity of this
assumption, we re-scaled the estimated random-effects to let them have a unit standard devi-
ation by dividing the estimates of the 175 random-effects components by the relevant cluster
variance. Under the above mentioned assumption the standardized estimates should in fact fol-
low the standard Normal distribution. Figure 3 shows, by means of a Q-Q-plot, to what extent
the distribution of the standardized estimates match the percentiles of the standard Normal
distribution. If the correspondence between these two is perfect, the points will be placed along
the straight line that lies in between the accompanying lines that reflect the upper and lower
95% confidence limits. The Q-Q-plot suggests that normality assumption is quite acceptable.
From the discussion in Section 2 we recall that the cluster specific shocks may well be
persistent and that one thus may observe patterns of autocorrelation, for example an AR(1)
structure as outlined in eq. (3). Therefore, we also used the estimated random-effects to
check for the presence of any autoregressive structure in the correlations, by examining the
autocorrelation function for the series of 25 observations we have available for each cluster. The
strongest (and in fact only) sign of such a pattern was found for the ”retail” industry, that has
a first-order autocorrelation of about 0.25. However, even this estimate was insignificant and we

thus conclude that no autoregressive structure is present in this data.

4.2 Estimating portfolio credit risk distributions and VaR

Having estimated a duration model of default risk with cluster specific effects, we now turn to
applying this model to the estimation of a portfolio credit loss distribution. In order to get a
better understanding of the extent to which our modeling approach leads to improved estimates
of credit loss distributions, we will compare the Value-at-Risk (VaR) estimates, the statistics we
use to summarize the loss distribution, with those derived from two simple benchmark models.

We calculate VaR based on the portfolio at 7 for a one quarter ahead horizon by mean of

the following algorithm:

1. Let B and 7., be consistent estimates of 3 and 0., in the model in equation (2).2

2. Draw ¢}, from the normal distribution with expectation equal to zero and variance equal

19This approach does not estimate the autoregressive part jointly with other parameters in the model. The
GLIMMIX macro in SAS provides this option but the implementation failed due to lack of memory. The procedure
of estimating the AR(1)-part, conditional on the estimates for 3, 0% and 0%, gave no indication of an auto-regressive
structure in the data. Most likely, a joint estimation procedure would have produced similar results, and thus we

did not pursue the effort to solve this technical problem.
20Here we assume that the model has been estimated without an autoregressive part. In the case of unequal

variance it is necessary to adjust (i) such that the draws from the normal-distribution is taken with the appropriate
standard deviation for the cluster. If there is an autoregressive part in the model, then the draws in (i) should be

taken from the corresponding autoregressive process.
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Figure 4: Percentiles of the default rate distributions implied by three models.

The boxes display the mean and three percentiles from the credit loss distributions that have been
generated using three different models of default risk. In Box 1, the default rate distribution has been
generated with a conventional duration model. A cluster specific error structure has been added to arrive

at the model used in Box 2 . In Box 3 all explanatory variables have been deleted from the cluster error
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to o2

3. Draw €] from either the standard normal distribution or the extreme-value distribution
(depending on the estimated model)

4. Repeat steps (2) and (3) for k =1,...., K

5. Calculate 7] = @ [mz (r) B + e] +epli €kl + ’yt} or
T, =1—exp [— exp <:1:Z (1) B+ e +eplick]l+ 'Yt)} (depending on the estimated model)

T ~ T . . . . .
6. Let Loss™ = > " 7 sT /> ", s, where s7 is the size of loan ¢ at time 7 and n” is the

number of loans in the loan portfolio at time 7.

7. Repeat (2)-(5) R times and order the R observations of Loss™ by increasing size, where R

should be large enough to guarantee that the loss distribution has converged.

8. Let VaR] equal the z-percentile in the distribution of Loss™

Because our statistical model does not incorporate a description of (any possible relation
between default risk and) the loan size or recovery rates, a comparison of loss distributions
will not strictly give us an evaluation of the suitability of our statistical model for generating

portfolio credit loss distributions. Sample specific, non-stochastic variation in the loan size may
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add noise to the portfolio default rate distribution generated by the model. For this reason, we
start out by studying how the distribution of quarterly default rates is affected by using model

(2) instead of a conventional specification. We can do this by following the procedure described

n’T ~T

in steps (1)-(7) above, but replacing the Loss™ rate by a defaultrate™ = > ", 7] in step (5).

This will give us a purer picture of the merits of the model specification. Having done this, we

Table 4: The effect of including industry specific errors on the estimation of default risk distributions.

Table shows the mean and various percentiles of the portfolio default risk distribution that is generated by () the model
with industry specific common errors, and (i) the model without common industry specific errors. Normally styled figures
refer to the model with industry specific errors, italics to the model witout industry errors.

Simulated portfolio default rates

at distribution percentiles

Quarter mean mean 95 95 97.5 97.5 99.9 999
1994Q2 1,28 119 1,81 123 1,95 123 2,55 127
1994Q3 0,69 063 0,99 065 1,06 066 1,39 067
1994Q4 0,74 068 1,07 070 1,16 071 1,54 073
1995Q1 1,07 099 1,50 103 1,61 103 2,07 106
1995Q2 0,62 056 0,87 058 0,94 059 1,21 060
1995Q3 0,68 062 0,93 064 0,99 065 1,24 0.66
1995Q4 1,88 172 2,53 17 271 177 3,41 179
1996Q1 0,78 070 1,08 072 1,16 072 1,49 073
1996Q2 0,74 068 1,01 070 1,08 070 1,41 072
1996Q3 0,69 063 0,9 064 1,02 064 1,31 065
1996Q4 0,32 029 0,45 030 0,48 030 0,62 030
1997Q1 0,44 039 0,61 041 0,65 041 0,85 042
1997Q2 0,65 059 0,88 061 0,94 061 1,22 062
1997Q3 1,17 107 1,58 1,09 1,68 110 2,06 111
1997Q4 0,50 045 0,69 046 0,74 046 0,94 047
1998Q1 0,46 041 0,63 042 0,67 043 0,85 043
1998Q2 0,43 038 0,59 039 0,64 040 0,84 040
1998Q3 0,29 026 0,40 027 0,43 027 0,55 027
1998Q4 0,30 027 0,41 028 0,43 028 0,55 029
1999Q1 0,33 030 0,45 030 0,48 031 0,64 031
1999Q2 0,47 042 0,64 043 0,68 044 0,91 044
1999Q3 0,26 023 0,35 023 0,37 024 0,47 024
1999Q4 0,19 017 0,27 018 0,29 018 0,38 018
2000Q1 0,35 031 0,49 032 0,52 032 0,67 033
2000Q2 0,70 063 0,96 065 1,04 065 1,38 0.66

will calculate the credit loss distributions, to complete the illustration of how the model could be
used by banks for in risk-management applications and by regulatory authorities for monitoring
purposes.

Figure 4 displays, for each of the 25 quarters in the sample period, the mean and three
commonly used percentiles from the default rate distribution generated by three different mod-
els of firm default risk. Table 4 provides some further numerical details on the default rate

distributions.?!

21Tt should be noted that the calculation of VaR presumes that 0¢, = O, which of course is susceptible to
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The first box contains the distribution that results when model (4) is used, the middle box
the distribution for our model with cluster errors, and the percentiles in the third box are
derived using a cluster error model without any explanatory variables. A first glance at the
three boxes reveals both similarities and important differences. Both the first and second model
appear to capture the broad movements in default rates over the sample period. The peaks
in 1995 and 1997 are clearly captured and even the general downward trend up to the end of
1999 is identified and the mean default rate is more or less identical for models 1 and 2. The
model without industry specific errors has default rate distributions, for each point in time,
that are highly concentrated though. The lower and upper percentiles almost coincide, while
for the model with industry specific errors, default rate percentiles are at least .5 percentage
points and up to 1.6 percentage points higher. Note that the mean and higher percentiles in
the first box of Figure 4 are closer to each other than is common in typical estimates of VaR.
This is proximity explained by the fact that we calculate loss distributions conditional on the
outcome of x; (7) and the point estimate of B, whereas many applications of VaR compute loss
distributions unconditionally.and thus incorporate uncertainty about x; (7). Uncertainty about
B is typically not taken into account. The distributions that underly boxes 2 and 3 are produced
in the same way. Although it would be easy to adjust our estimated loss distribution for this
factor uncertainty, we prefer to isolate the correlation effect from factor uncertainty. Allowing
for factor uncertainty would only shift the curves in each box upward by the same percentage,
since z; (1), €], and ¢}, are independent of each other.

When contrasted with the work by other authors, there are both differences and similarities.
Duffie et al. [21] find that the impact of their unobserved heterogeneity factor on the average
default rates of U.S. corporations is roughly a factor of 2. In this paper, industry dependencies
create big effects in the tails of the default rate distribution but no effects on the mean default
rate. This difference between the approaches has a theoretical and an empirical two source. The
theoretical difference lies in the way correlation is approached. The unobserved heterogeneity
approach reflects both variation that could potentially be picked up by including additional risk
factors and clustering of defaults that cannot be captured by a Poisson model. The random
effects approach captures simultaneous clustering of defaults, without affecting the firm-specific
default risk predictions.

The empirical difference lies in the fact that Duffie et al. use a long panel with fewer firm
specific variables. Including fewer observable risk factors thereby creates a potentially larger role
for the unobserved risk factor. This paper use a somewhat shorter but broader/deeper panel,
which is likely to give a conservative estimate of the importance of correlations for credit risk.

Another distinction can be found in the different interpretation of default clustering, namely

the explanation of correlation by unobserved factors or industry shocks..

uncertainty. If o, > Egk, then VaR would be greater than reported.
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Figure 5: Percentiles of the loss rate distribution implied by three models.

The boxes display the mean and three percentiles from the credit loss distributions that have been
generated using three different models of default risk. In Box 1, the loss distribution has been generated
with a conventional duration model. A cluster specific error structure has been added to this model in

Box 2. In Box 3 all explanatory variables have been deleted from the cluster error model.
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The similarity lies

To be able to single out the contribution of the cluster error structure to the shape of the
loss and default rate distributions, it is useful to consider how other factors will affect these.
Firstly, there’s the size of the portfolio: larger portfolios, with more borrowers, will produce
loss distributions that tend to converge to the mean and have smaller tail losses. Secondly, the
skewness of the distribution of loan sizes will influence the location of the tails: portfolios in
which the biggest loans are exceptionally large in relation to the remainder, will tend to generate
bigger tail losses. Finally, there’s the cluster errors, that capture the interdependency between
firms within industries. A closer look at the boxes in Figures 4 and 5 makes what their impact
is and that they, in this particular case, are the single driving force behind the larger default
rates in the tail percentiles of the cluster model (Box 2). To see this, consider that in Figure 4
the single factor causing differences between Boxes 1 and 2 is the addition of the cluster errors.
Hence, it is the existence of an interdependence between companies within industries that causes
the higher percentiles of the default rate distribution to exceed the mean default rate by up to

one and a half percent points. When we instead look at the loss distributions, in Figure 5,
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Table 5: The effect of including industry specific errors on the estimation of Value-at-Risk.

Table shows the mean and various percentiles of the loss distribution that is generated by (i) the model with industry
specific common errors, and (ii) the model without common industry specific errors. Normally styled figures

refer to the model with industry specific errors, italics to the model witout industry errors.

Simulated portfolio loss rates
at loss distribution percentiles

Quarter mean mean 95 95 975 97.5 9.9 99.9
1994Q2 0,59 054 0,90 060 1,00 062 1,51 067
1994Q3 0,30 027 0,47 032 0,52 032 0,73 036
1994Q4 0,34 030 0,55 035 0,62 036 1,04 040
1995Q1 0,39 035 0,56 038 0,60 039 0,85 043
1995Q2 0,33 029 0,54 033 0,61 033 1,05 036
1995Q3 0,38 033 0,61 037 0,70 038 1,18 041
1995Q4 1,66 1,44 2,88 165 3,32 1,70 5,91 193
1996Q1 0,36 031 0,57 034 0,65 035 1,11 038
1996Q2 0,37 032 0,56 037 0,62 039 0,87 044
1996Q3 0,36 031 0,57 034 0,65 035 1,16 038
1996Q4 0,17 015 0,27 016 0,31 017 0,57 018
1997Q1 0,25 021 0,42 023 0,48 024 0,81 025
1997Q2 0,35 030 0,55 032 0,63 033 1,11 035
1997Q3 0,68 059 1,10 064 1,24 066 2,00 071
1997Q4 0,28 024 0,43 026 0,48 027 0,73 029
1998Q1 0,25 022 0,40 024 0,45 024 0,79 026
1998Q2 0,26 022 0,44 024 0,50 025 0,78 027
1998Q3 0,16 014 0,26 015 0,30 016 0,47 017
1998Q4 0,19 016 0,30 018 0,33 018 0,52 020
1999Q1 0,21 018 0,37 019 0,42 020 0,77 021
1999Q2 0,22 019 0,32 020 0,36 020 0,57 022
1999Q3 0,12 010 0,17 011 0,19 011 0,30 012
1999Q4 0,10 009 0,16 009 0,18 009 0,31 010
2000Q1 0,17 014 0,25 016 0,28 016 0,47 018
2000Q2 0,39 034 0,58 039 0,65 040 0,97 045

taking account of the cluster error structure appears to lead to increases in the VaR percentiles
during most quarters that are comparable to those in the default rate distribution in Figure 4
and Table 4. Depending on the percentile and the quarter one considers, the model without
cluster errors underestimates tail losses by up to four percentage points. Clearly, the exceptional
peak in the loss distribution in the beginning of 1996, that exceeds the jump in the default rate
distribution, has to be attributed to fact that, coincidentally, large exposures were being lost at
a time when the average rate of default was also high. Table 5 provides numerical details for
the boxes in Figure 5.

When we compare Box 2 in Figures 4 and 5 to the model with cluster errors but without
explanatory variables in Box 3, one observes clearly that, through time, the difference between
expected risk and tail risk in the outer tails increases when the mean default rate rises. Aggregate
or "macro” risk, beyond affecting expected default rates, thus appears to be important for
portfolio credit risk in the sense that periods with high rates of default among businesses are

associated with more than proportional increases in unexpected defaults. The third model is,
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however, in both its mean and the lower percentiles, much less successful at capturing the trend
in the average default rate. Only the 99.9th and, to a lesser extent, the 99th percentile, manage
to produce a peak at the start and a slight downward movement over the remainder of the sample
period. But the peak at the start is disproportionately high, while other increases in the default
rate in the middle of the sample period, especially the one in 1997 are more or less fail to be
captured. So although a model without a systemic part can generate peaks and troughs in the
relevant range of the VaR percentiles, it is quite uninformative about when a bank should hold
a large economic capital stock. In other words: a model with systematic factors but without a
cluster error structure is well able to fit the broad trends in mean portfolio default rates and
credit losses, but fails to appropriately capture the credit losses in bad times. Typically these are
the times when banks are hit by large ”unexpected” credit losses.?> This model thus performs
best when it is least needed. A model that accounts for the dependencies within each industry
but lacks a systematic part produces quite some variation in the tails, but the shifts in the
estimated loss distribution do not match those in the bank’s actual loss experience. It would
thus force the bank to hold an unnecessarily large economic capital stock for most of the time.
Only the model that includes both a systematic part and cluster specific variances manages to
follow both the trend in credit losses and produce industry driven fluctuation in losses around
that trend. Consequently, the economic capital requirements that are derived from it are larger
for periods when times of large ”aggregate” disturbances occur and smaller when the economy
is doing well. To what extent actual capital buffers will follow this economic requirement will
depend on individual banks’ ”buffer smoothing” policy. Most likely, many banks will avoid too

large fluctuations in their capital stock over time.

5 Discussion

Currently available portfolio credit risk models fail to allow for default risk dependency across
loans other than through common risk factors. As a consequence they ignore the close ties
that usually exist between companies, due to legal, financial and business relations, and tend
to lead to clustering of bankruptcies. As a result, many models commonly used by regulators
and financial institutions are likely to underestimate credit risk peaks in periods when industry
specific shocks, as opposed to firm specific (idiosyncratic) and country wide factors, manifest
themselves.

To address this shortcoming, we have attempted to integrate the insights from theoretical
models of default correlation, like Giesecke [24] and Zhou [57], into a conventional duration

model of default risk and the implied portfolio credit risk estimates by explicitly introducing

*2When studying credit losses, authors generally refers to the difference between the credit loss at a specific

percentile of the loss distribution minus the mean losses as ”unexpected” credit losses.
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a relation between firms’ default risk through industry specific errors. In this paper, we also
illustrate how this model of default risk can be operationalized by practitioners by applying it to
a pooled data set from two Swedish banks’ business loan portfolios over the period 1994-2000.

The results from the application are encouraging. Our estimates reveal substantial differences
in the intra-industry inter-firm correlation of defaults. The retail industry and the ”public
and subsidized” sector display substantially higher cluster variation than most other industries,
while the ”real estate and finance” business demonstrates by far the largest correlation. While
accounting for dependencies within industries does not affect estimates of individual default risk
to any large extent, intra-industry dependencies are shown to be quantitatively important for
credit risk. Estimates of VaR can increase by up to four percentage points, depending on the
point in time and the aggregate economic conditions. Most commonly used credit risk models,
that ignore these intra-industry effects, will thus substantially underestimate actual portfolio
risk - by a degree that varies over the business cycle. ” Conventional” models that include only
systematic factors, although able to fit the broad trends in credit losses, fail to capture the
fluctuations in unexpected credit losses, particularly in bad times, when banks typically are
confronted with larger ”unexpected” credit losses. The model we propose does manages to
follow both the trend in credit losses and produces industry driven, time-varying fluctuations
in losses around that trend. Our model will thus be a better aid for banks in determining the
appropriate size of economic capital buffers.

What do these findings imply for financial institutions, financial supervisors and financial
regulators? As we noted, the economic capital requirements that result from our model will be
larger compared with the those implied by ”conventional” models, especially in periods with
large ”aggregate” disturbances. All other equal, this should imply costlier lending for banks as
they will be in need of larger capital buffers than one has thought until now. Another way to
look at these results is that the trade-off banks face when determining how much to diversify is
different. Manove, Padilla and Pagano ([40]) and Acharya, Hasan and Saunders ([3]) have, for
example, discussed the costs that diversification bring about for banks and the trade-off they
may face when balancing these against the gain from reducing tail credit losses. In this contaxt,
our results seem to imply that the optimal degree of diversification is higher for banks than they
inferred until now from less accurate models.

From a regulatory perspective, our findings will not have any immediate consequences, since
regulatory capital requirements in the Basel II framework only depend on awverage probabili-
ties of default. This paper is one in a larger literature that shows that the Basel risk weight
mappings may not capture the actual risk properties of credit portfolios and that the success of
implementing the Basel II framework will hinge on the specific characteristics (parameters) of
banks’ portfolios. For supervisors, it does mean, however, that the fragility of banks, and thus

most likely the banking system, has been underestimated. In the long run, our findings ought to
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be a reason to make capital requirements contingent on portfolios’ industrial composition, i.e.

degree of diversifiaction.

As any model, ours assumes a specific structure. Obviously, there may be other ways to model

intra-industry comovements between firms. We imposed that shocks to default risk are i.i.d. and

firm default risk within an industry was positively correlated. One could think of some firms

(within one or several industries) with a horizontal relation to display negative comovements, for

example because a one firm’s default creates new business opportunities for another. Another

avenue may be to impose more structure on the cluster errors by using ”input-output” data

or other information documenting the intensity of contacts between firms and/or clusters. We

believe that future research could explore these channels of inter-firm interaction.
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Appendix 1

Table 6. Definition of clusters and their distribution in the data.

Variable Included SNI-codes % share
Public or subsidized sector 0-9999 22100-22330  40000-41000 75000-91330  99000-99999 13.3
Wholesale 51000-51700 12.7
Retail 50000-50500 52000-55529 71000-71100 71400-71402 92000-98999 19.4
Transport and communication 60000-64203 71200-71340 72000-74849 23.5
Manufacturing 27000-35999 7.8
Construction, forest and other industries 10000-22000 23000-26829 36000-39999  45000-45500 14.9
Estate and finance 65000-70329 84

Appendix 2

Table A2 shows the frequency by which companies occur in broader sectors of the input-output

matrix in our databasedatabase.

The first column (clust) shows the 57 input-output clusters which are the (first) two-digits-

level aggregation on SNI codes of the companies. The second column (frequency) shows the
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Table A2: Statistics Sweden industry classification
The table shows activities in industries at 2-digit level. Missing digits reflect unused industries cod

SNI code Nobs Share Activities

01 785 0.88 Agriculture, hunting and related service activities

02 380 0.43 Forestry, logging and related service activities

05 87 0.10 Fishing, operation of fish hatcheries and fish farms;
service activities incidental to fishing

10 25 0.03 Mining of coal and lignite; extraction of peat

11 41 0.05 Extraction of crude petroleum and natural gas; service
activities incidental to oil and gas extraction excluding surveying

12 10 0.01 Mining of uranium and thorium ores

13 21 0.02 Mining of metal ores

14 115 0.13 Other mining and quarrying

15 784 0.88 Manufacture of food products and beverages

16 2 0.00 Manufacture of tobacco products

17 293 0.33 Manufacture of textiles

18 137 0.15 Manufacture of wearing apparel; dressing and dyeing of fur

19 56 0.06 Tanning and dressing of leather; manufacture of luggage,
handbags, saddlery, harness and footwear

20 964 1.09 Manufacture of wood and of products of wood and cork, except
furniture; manufacture of articles of straw and plaiting materials

21 211 0.24 Manufacture of pulp, paper and paper products

22 2016 2.27 Publishing, printing and reproduction of recorded media

23 15 0.02 Manufacture of coke, refined petroleum products and nuclear fuel

24 373 0.42 Manufacture of chemicals and chemical products

25 659 0.74 Manufacture of rubber and plastic products

26 294 0.33 Manufacture of other non-metallic mineral products

27 173 0.19 Manufacture of basic metals

28 2643 2.98 Manufacture of fabricated metal products, except machinery and
equipment

29 1678 1.89 Manufacture of machinery and equipment n.e.c

30 122 0.14 Manufacture of office machinery and computers

31 522 0.59 Manufacture of electrical machinery and apparatus n.e.c.

32 266 0.30 Manufacture of radio, television and communication equipment
and apparatus

33 724 0.82 Manufacture of medical, precision and optical instruments,
watches and clocks

34 407 0.46 Manufacture of motor vehicles, trailers and semi-trailers

35 306 0.34 Manufacture of other transport equipment

36 735 0.83 Manufacture of furniture; manufacturing n.e.c.

37 46 0.05 Recycling

40 325 0.37 Electricity, gas, steam and hot water supply

41 13 0.01 Collection, purification and distribution of water

45 8384 9.44 Construction

50 24869 28.00 Sale, maintenance and repair of motor vehicles and motorcycles;
retail sale of automotive fuel

51%* Wholesale trade and commission trade, except of motor vehicles
and motorcycles

52% Retail trade, except of motor vehicles and motorcycles; repair of
personal and household goods

55 2723 3.07 Hotels and restaurants

60 4545 5.12 Land transport; transport via pipelines

61 941 1.06 Water transport

62 609 0.69 Air transport

63 1252 1.41 Supporting and auxiliary transport activities; activities of travel
agencies

64 111 0.12 Post and telecommunications

65 478 0.54 Financial intermediation, except insurance and pension funding

66 4 0.00 Insurance and pension funding, except compulsory social security

67 815 0.92 Activities auxiliary to financial intermediation

70 6859 7.72 Real estate activities

71 1317 1.48 Renting of machinery and equipment without operator and of
personal and household goods

72 2251 2.563 Computer and related activities

73 272 0.31 Research and development

74 13490 15.19 Other business activities (mainly highly educated services)

75 15 0.02 Public administration and defence; compulsory social security



80
85
90
91
92
93
95
99

All

607
1671
214
54
1363
668
79

88819

0.68
1.88
0.24
0.06
1.53
0.75
0.09

100.00

Education

Health and social work

Sewage and refuse disposal, sanitation and similar activities
Activities of membership organizations n.e.c.

Recreational, cultural and sporting activities

Other service activities

Activities of households as employers of domestic staff
Extra-territorial organizations and bodies

* In the optimal cluster generation, these industries were recoded as 50 to create
compatibility with the input-output classification.



number of companies present in a particular input-output cluster in our database. To make the
database workable, we have applied the following modifications of the data:

1. The companies appearing with different SNI codes in different time periods have been
considered as though they appeared with the latest valid SNI code over the whole period.

2. Entries with a missing SNI code, a zero value as SNI code, a SNI code with fewer than
five digits and other (infrequently occurring) forms of invalid SNI codes have been discarded.

3. To be consistent with the coding of the input-output matrix, companies having the first
two digits of the SNI code equal to 50, 51 or 52 have been recoded as 50.
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