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SUMMARY

In the first part of the paper, we examine the different measurement methods of research and development activity within a
corporation with particular attention to the composite indicators widespread in practice and to the multivariate statistical methods
applied to create complex indices. In the second part, the research and development activity matrix is introduced in detail. The newly
developed analysing method is a portfolio technique that describes the input and output activity of the research and development
units in respect of quantity (performance) and quality (efficiency) and enables the categorisation of the observation units into four
groups: stars, those lagging behind, quantity-oriented units and quality-oriented units.
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INTRODUCTION

Increasing interest is being shown from both political
decision-makers and public opinion regarding the
complex indices that compare the performance of
countries. The indices that allow us to compare nations in
an easy way are suitable for demonstrating very complex
and elusive fields, such as technological development,
innovation, and research and development. It is easier to
inform the public opinion with these indicators than
finding a common trend from a number of single indices
and they have proved to be useful in benchmarking
international performance. At the same time, complex
indices can send a misleading political message if they
were created in a wrong way or misunderstood. The
image shown by the indices often forces the users —
especially the political decision-makers — to make
simplistic analytical or political conclusions, instead of
utilising the composite indicators as keynotes and for
arousing interest in the publicity. Their suitability can
only be evaluated by the fields affected (Nardo et al.
2005).

The main goal of our research activity is to create a
new measurement method in the performance evaluation
of research and development that will it make possible to
measure corporate R&D activity on the basis of a
sophisticated methodology. We made an attempt to set up
the measurement sub-models of the R&D activity in two
aspects:

> The first module of the measurement model of
the R&D activity contains only objective and
quantitative data which are expressed as
allowances in kind (million HUF, person and
piece). This is the so-called Quantitative
Measurement Model (QN-MM).
> |In the second module qualitative features
dominate. The base of the structure of this
module — the so-called Qualitative Measurement
Model (QL-MM) — is relative numbers.
The largest difference between the measurement models
is the variables used. We distinguish quantitative data and
qualitative features. The most important similarity
between these models is the source of information,
because both modules contain variables that can only
come from business surveys.
The objective requires us to use a methodology that fits
the norms of international and domestic economics. Thus
we put constant emphasis on choosing the relevant
research methods, qualitative and quantitative techniques
and mathematical and statistical analyses.
> We did not rely on only the theoretical and
secondary results to set up the integrated
research and development model. We carried out
in-depth interviews in order not to leave out any
relevant factor or internal relation from our own
created theoretical conception. Five of the
experts were from the central governmental
sector and the other five were from the large
business sector.
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> Finally we finished our work with the business
survey. It was introduced by the trial testing of
the questionnaire among those research and
development experts who had helped us in the
model set-up phase. During the quantitative
primary research 67 large (more than 250
employees) businesses located in Hungary were
surveyed with the help of the final
questionnaires and telephone interviews as well.
The accuracy level of the total sample is 8.8
percentage point on a 95 per cent confidence
level. The data analysis was carried out by Excel
and SPSS software packages.
In the following sections we present the research results:
first the research and development composite indicators
and measurement methods wused in international
comparisons as well, then we summarize the theoretical
and practical information of the R&D Performance Index
and R&D Efficiency Index that we created. Finally we
introduce the R&D Activity Matrix, which uses the
recently developed complex indicators as axes.

THE COMPOSITE INDICATORS
OF RESEARCH AND DEVELOPMENT

Organizations such as the International Institute for
Management and Development (IMD), the National
Scientific Board, RAND, and the United Nations
Development Programme (UNDP) have tried to measure
the research and development and innovation
performance of countries with composite indicators.
However, each of these attempts was only for one year
and did not go on (IMD 2009; Wagner et al. 2001a,
2001b; NSB 2008; (UNDP 2008). We would like to
mention the attempts which were made to measure
especially the R&D activity of the industrial and service
sectors (Hollanders and Kanerva 2009), the creativity
which serves as a basis for research and development
activity (Hollanders and van Cruysen 2008a; Hui et al.
2005) and economic globalization (OECD 2005).

Beside the composite indicators used in international
comparisons it is worth mentioning those mathematical
and statistical methods that have been used in the
performance evaluation of research and development in
recent years. Borsi and Telcs (2004) tried to get an
answer as to whether a composite indicator can be
constructed for the understandable groups of R&D
statistics that adequately explains a large part from the
standard deviation of the indices. They answered the
question with Principal Component Analysis (PCA)
(Niwa and Tomizawa 1995). According to their findings,
the set up composite ranks that consider several indices
can be interpreted well with the help of this method.

Borsi and Telcs (2004) tried to find whether an not
arbitrary weighting between research and development
indices can be created with which a statistically consistent
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rank can be determined. They gained an answer with one
of the popular heuristic optimum searching solutions,
Genetic Algorithm (GA), and they stated that a concrete
position can be defined onto the countries analysed with
the help of the method.

The Fuzzy Set Theory (FST) that is often applied in
the fields of management sciences (Tran et al. 2002;
Tsaur et al. 2002; Moon and Kang 1999; Sohn et al.
2001) was first used by Moon and Lee (2005) to make
composite science and technology indices. The science
and technological indices analysed were assigned
according to secondary and primary research, and then
they asked experts of different fields (academic sector,
civil sector, industry, natural sciences and social sciences)
to give their opinion on the relative significance of the
indicators with the help of attributes. From the indicators
— weighting the experts’ answers with the particular value
with the help of the Fuzzy Set Theory — they created three
composite indicators: “R&D input” (R&D personnel,
R&D expenditure, and R&D stock), “R&D output”
(patents, papers, technology trade) and ‘“economic
output” which were applied for cross section and
longitudinal analysis.

Borsi (Borsi 2005; Torok 2005) used the Data
Envelopment Analysis (DEA) in the Hungarian
professional literature (Bunkoczi and Pitlik 1999; Fiilop
and Temesi 2001; Koty 1997; Tibenszkyné 2007; Téth
1999) for the first time for analysing R&D efficiency
based on Fire et al. (1994). However in the international
professional literature (e.g., Nardo et al. 2005) this field
of application is not new. In the data envelopment
analysis they use R&D expenditures and the number of
R&D workers as inputs and the numbers of publications
and patents as an output. The data envelopment analysis
calculates those points in the multidimensional space that
represent the countries performing the best. The points
determine the curve of the efficiency potentials. The
countries below the curve are not effective; at the same
time, from the efficiency indices of those countries that
can be found near them the position of the ineffective
countries can be assigned.

In summary, the quantitative and qualitative
measuring methods of the separate indices can be
observed as facts. With their help the relative position of
the countries can be determined in a specific area and the
spatial or temporal direction of change can be assigned.
Furthermore the indicators are useful in order to
determine trends, to arouse attention in connection with a
topic, to set up political priorities, and for the
benchmarking or monitoring of performance. We talk
about composite indicators when separate indices create a
single index on the basis of a mathematic or calculation
model. The composite indicator is able to measure
multidimensional concepts that separate indices cannot
catch (Nardo et al. 2005).

Table 1. contains the indicators used in international
comparisons of research and development.



Research and Development Activity Matrix — New Conception in the Performance Evaluation of Research and Development

Table 1. Composite indicators of the research and development activity on an international,
macroeconomic and regional level

Developer of the index

Factors

Methodology

Source

Summary Innovation
Index (SlI)

European Commission

Thirty EIS indicators

Unweighted mean of
transformed values of thirty
EIS indicators

Hollanders and van
Cruysen (2008b)
EC (2009)

Global Innovation
Scoreboard Index (GIS
Index)

European Commission

GIS indicators

Dimension Composite
Innovation Index (DCII) is
the simple mean of indicators
that create it, Weighted mean
of three Dimension
Composite Innovation Indices

Archibugi et al. (2009)

Revealed Regional
Summary Innovation
Index (RRSII)

European Commission

RIS indicators

Weighted mean of
transformed values of
Regional National Summary
Innovation Index (RNSII) and
Regional European Summary
Innovation Index (REUSII)

Hollanders (2007)

Technological-
Advance Index (Tech-
Adv)

United Nations Industrial
Development
Organisation (UNIDO)

Medium- and high-tech added
value of industry on the total
added value, the total of
manufacturing exports

Mean of the indicators

UNIDO (2005)

Technological Activity
Index (TAI)

United Nations
Conference on Trade and
Development
(UNCTAD)

Labour force employed in
R&D related activities, the
amount of patents and
scientific publications

UNCTAD (2005)

ArCo Technology
Index (ArCoTI)

Archibugi and Coco

Numbers of patents and the
scientific articles, old and new
technologies (Internet
penetration, telephone

Mean of three indicators,
which are also means of

Archibugi and Coco

Knowledge Index (KI)

USPTO, scientific and
technical journal articles

penetration, electricity variables that create them (2004)
consumption) development of
human skills
Twelfth pillar of the Capacity of innovation, quality
Global of scientific research
Competitiveness Index institutions, company spending
(GCI) . on R&D, university-industry
World E[ES\?EE;'C Forum research collaboration, - WEF (2009)
government procurement of
advanced technology products,
availability of scientists and
engineers, utility patents
Third pillar of the Royalty and license fee
Knowledge Economy payments and receipts, patent
Index (KEI) and the World Bank (WB) applications granted by the - WB (2009)

Source: Compiled by the author

THE R&D PERFORMANCE INDEX
AND THE R&D EFFICIENCY INDEX

In the next section we introduce and verify the
quantitative and qualitative measurement sub-models.

Quantitative measurement sub-model

The structure of the quantitative measurement model is
built up of four principal component analyses: “R&D
performance”, “input performance”, “process
performance” and “output performance”.

The first hidden variable in the principal component
analysis of R&D performance is “input performance,”
which includes the usage intensity of financial and human
resources based on objective and quantitative data that

appear on the input side of research and development
activity. The second latent variable in the principal
component analysis is “process performance,” meaning
activity based on objective and quantitative data coming
to the surface during the research and development
process carried out by entrepreneurial R&D units. Their
typical appearances are the usage of information sources
and co-operation with other R&D units. The third hidden
variable of the analysis is “output performance,” which
contains the quantitative data of down-to-earth results
like publications and patents that emerge on the output
side of R&D activity done by companies. Figure 1
contains the quantitative measurement sub-model that
allows measurement based on quantitative and objective
data of R&D performance. It links with the principal
component analysis already mentioned above.

BED



Laszl6 Molnar

Input teljesitmény

i i
H Ré&f. menny e
! (EXP_OBJ_QN) n
1 Y . !
' Input teljesitmény [
i (IN_ACT_OBJ_QN) "
Y Kut. menny. !
(RES_OBJ_QN) i
____________________________________ 4!
I

____________________________________ |

Inf. menny.

(SOURC_OBJ_QN)

Egy. menny.
(COOP_OBJ_QN)

1
e

Publ. menny. ' H

\ (PUBL.OBJ.QN) |1}
i Output teljesitmény , :
1 \(OUT_ACT_OBJ_QN "
H Szab. menny. ! '
! (PAT_OBJ_QN) ! !
! i

Source: Compiled by the author

Figure 1. Quantitative measurement sub-model

The adequacy’ of the principal component analysis of
R&D performance is mediocre (KMO=0.695), the
significance value of the Bartlett test’ is 0.000. It follows
from the values that principal component analysis is a
suitable method on the latent components and the
variables are not correlated pairwise. The eigenvalue of
the first component is 2.097, therefore two-thirds (69.9%)
of the information quantity carried by the original
variables could be aggregated into the component. On the
basis of the variance proportion explained one component
can be created. The factor weight of the “input
performance” is 0.802, that of the “process performance”
is 0.849, while “output performance” has 0.856. The high
factor weights clearly show a significant, positive, strong
relationship between the composite indicators of R&D
performance and the original variables. The variance
proportion explained by latent components is 64.4% in
the case of “input performance”, 72.1% for “process
performance” and 73.3% for “output performance”;
therefore, the composite indicator created by principal
component analysis contains the majority of the whole
information quantity. We can state that, according to the
results of principal component analyses concerning the
quantitative measurement sub-model, the verification of
the sub-model yielded the results required: it was
successful in giving parameters to the measurement
method explaining R&D performance. We can call this
composite indicator the R&D Performance Index (R&D-
PERFIND). Its calculation process is contained in
Appendix 1.

1

Qualitative measurement sub-model

The structure of the qualitative measurement model — like
the quantitative measurement sub-model — is built up of
four principal component analyses: “R&D efficiency”,
“input efficiency”, “process efficiency” and “output
efficiency”.

The first hidden variable in the principal component
analysis of R&D efficiency is “input efficiency” that
includes the usage intensity of financial and human
resources based on objective and qualitative data that
appear on the input side of research and development
activity. The second latent variable in the principal
component analysis is “process efficiency” that means
activity based on objective and qualitative data coming
onto the surface during the research and development
process carried out by the entrepreneurial R&D units.
Their typical appearances are the usage of information
sources and co-operation with other R&D units. The third
hidden variable of the analysis is “output efficiency” that
contains the qualitative data of down-to-earth results like
publications and patents that emerge on the output side of
R&D activity done by companies. Figure 2 contains the
qualitative measurement sub-model that allows the
measurement based on qualitative and objective data of
R&D efficiency. It links the principal component analysis
already demonstrated above.
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Figure 2. Qualitative measurement sub-model

“It is an indicator measuring the adequacy of the factor analysis. Its high values (0.5-1.0) show that the factor analysis is appropriate. The factor

analysis cannot be applied if its values are less than 0.5 (Malhotra 2002, p. 674).

2

“Test statistics with the help of which we examine the hypothesis that says the variables do not correlate pairwise in the population. In other words

the correlation matrix in the population is an identity matrix where each variable perfectly correlates with itself (r=1) but does not correlate

pairwise with the other variables (r=0)” (Malhotra 2002, p. 674)
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Principal component analysis is quite poor according to
the Kaiser-Meyer-Olkin measure of sampling adequacy
(KMO=0.585), but the Bartlett test (Sig.=0.001) met the
expectations. The eigenvalue of the first component is
1.818, meaning that 60.6% of the information quantity of
the original variable could be reduced into one variable.
As the eigenvalues of the other two components were less
than 1.000, it is clear that we have to keep only the first
one. The factor weight of “input efficiency” is 0.62,
therefor this variable has less weight in creating the
principal component. The factor weight of “process
efficiency” is 0.83 and the factor weight of “output
efficiency” is 0.87. These variables are dominant in the
composite indicator of the R&D efficiency. If we
examine the extraction communalities of the original
variables, it can be stated that the common factor —
namely, the composite indicator of the R&D efficiency —
explains the determining majority of variance of the
“process efficiency” (0.69) and “output efficiency”
(0.75), apart from the “input -efficiency” (0.38).
According to the results of the principal component
analysis concerning the qualitative measurement sub-
model, we can declare that it was successful in giving
parameters to the measurement method explaining R&D
efficiency of the companies: the verification of the sub-
model brought the results required. We can call this
composite indicator the R&D Efficiency Index (R&D-
EFFIND). Its calculation process is contained in
Appendix 2.

THE R&D ACTIVITY MATRIX

Hungarian large businesses can be categorized into four
groups according to their performance and efficiency of
research and development activity.
> “Stars”: Companies having performance and
efficiency above the mean. Firms in this
category  recognise that research  and
development has a key role in their success.
They have decisions considering this. Their rate
in the sample is 21.2%.
> “Quantity orientated”: The companies in this
group have a performance above the mean but
operate with efficiency below the mean. Their
activity can be described with high quantitative
data but low qualitative features. Their rate in
the sample is 7.5%.
> “Laggers”: More than half of the companies
(51.5%) fall into this category. They are
significant neither in the area of R&D
performance or in R&D efficiency, at least in the
comparison with the other Hungarian large
enterprises sampled.
> “Quality orientated”: This is the smallest group
(12.1%). It is created by quality-orientated
business organisations that lag behind the
average in performance but carry out research
and development activity above the mean in
terms of efficiency in comparison with the other
Hungarian companies with over 250 employees.

CONCLUSION

We examine the quantitative and qualitative aspects of
R&D activity, because if we contrast the aggregated
dimensions of the performance and efficiency then we can
arrive at a portfolio technique that helps with the
demonstration and easy visualisation of both R&D
performance and R&D efficiency of research and
development institutes (academic, higher educational and
entrepreneurial) at the same time. We can call this portfolio
technique the R&D Activity Matrix. Figure 3 shows the
research and development activity of the Hungarian large
businesses that are included in the sample.

High R&D efficiency

LN

Low R&D per High R&D per

Laggers

{1 Quantity orientated

Low R&D efficiency

Source: Compiled by the author
Figure 3. R&D Activity matrix

The significance of performance evaluation is becoming
larger in every economic branch, and especially in the
research and development sector, as a possible way out of
the economic crisis. Therefore the aim of our research
was to develop a new measurement method with the help
of which we can achieve sophisticated monitoring and
controlling in the area of corporate R&D activity. In
order to establish the new conception we carried out in-
depth interviews with ten Hungarian experts and tested
the sub-models developed theoretically in the form of a
business-to-business survey with a small sample. The
following research results were obtained:
> The quantitative measurement sub-model (QN-
MM) created to measure the R&D activity
makes a composite indicator on the basis of the

relationship among quantitative data. This
composite indicator is called the R&D
performance index (R&D-PERFIND). The

qualitative measurement sub-model (QL-MM)
developed to measure the R&D activity creates a
composite indicator on the basis of the
relationship among qualitative features, and is
called the R&D efficiency index (R&D-
EFFIND). The R&D performance index and the
R&D efficiency index each have three parts.
These parts give information about the research
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and development activity input, process and
output performance and efficiency, but they also
carry important information themselves. The
newly developed complex indices make it
possible to monitor and control R&D activity on
a micro level. If the indices are aggregated they
can also serve as a basis for macroeconomic and
international competitiveness analyses. These
activities serve as a fundamental part of the job
of decision makers and managers. In this area
the strict monitoring techniques based on a
complex method can be very useful.

> The R&D Activity Matrix is a simple but also

complex analysis technique in the area of

are created by the above-mentioned R&D
performance index and R&D efficiency index.
The method is appropriate for carrying out both
cross-sectional and longitudinal comparisons.
The names representing the plain quadrants were
chosen in a way to refer clearly to the
quantitative and qualitative features of the
research and development activity of the
companies in the given category. With the help
of the R&D Activity Matrix we can not only
evaluate corporate or project activity but also
can highlight the growth-orientated development
directions of the activity after deeper analysis
and explanation.

research and development activity whose axes
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APPENDICES

Appendix 1: Calculation process of the R&D-PERFIND

The first step of calculation of the R&D-PERFIND is standardisation of the quantitative indicators before using
them, e.g.:

Zn: EXP_OBJ_QN,

EXP_OBJ_QN, — —=!
EXP_OBJ_QN, =

2
ZEXP_OBJ_QN‘
Z EXP_OBJ_QN, — =

i=1

n

n—1

In the second step we define the input, process and output performance indicators, which are the sum of
standardized quantitative indicators, weighted by factor score coefficients.

IN_ACT_OBJ QN, = Wee on, anv -EXP_OBJ_QN + Wres o on - RES_OBJ_QN
PROC_ACT MBJ_QN = Wegire oy an - SOURC_OBJQN, + Weoe ops o n - COOP_OBJ_QN,
OUT_ACT_OBJ_QN;, = Wiya op; an - PUBL_OBJ_QN; + Wit op) an - PAT_OBJ_QN,

In case of Hungarian large businesses the standardized quantitative indicators should be weighted by the following
factor score coefficients.

Wexp_oss_an=0.54; Wres_oss_an=0.54

Wsourc_oes_an=0.60; Weoor_oss_an=0.60
WheugL_oss_an=0.70; Wrat_oss_an=0.70

R&D-PERFIND is the sum of input, process and output performance indicators weighted by factor score
coefficients.

R & D —PERFIND; = Wy act o8y an - INLACT_OBJ_QN; + Wegec act sy an - PROC_ACT_OBJ_QN; +Wgyr act os an - OUT_ACT_OBJ_QN,
According to the business survey the following weights should be used in case of input, process and output

performance indicators.
Win_act_o8s_an=0.38; Weroc_act oss_an=0.41; Wour act_oss an=0.41

Appendix 2: Calculation process of the R&D-EFFIND

The first step of calculation of the R&D-EFFIND is standardisation of the qualitative indicators before using them, e.g.:

ZH:EXP_OBJ_QL‘

EXP_OBJ_QL, -
EXP_OBJ_QL, = n

n

ZEXP,OBJ,QL‘

EXP_OBJ_QL, -
n
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In the second step we define the input, process and output efficiency indicators, which are the sum of standardized
qualitative indicators weighted by factor score coefficients.

IN_ACT_OBJ QL,; = Wge opy o -EXP_OBJ_QL + Wges op o - RES_OBJ_QL,
PROC_ACT BJ_QL, — Wgoure osia - SOURC_OBJQL, +Wcoop os) o -COOP_OBJ_Q,
OUT_ACT_ORJ_QL, = Wpia on o -PUBL_OBJ_QL, +Wgar o, o -PAT_OBJ_QL,

In case of Hungarian large businesses the standardized qualitative indicators should be weighted by the following
factor score coefficients.

Wexp_osy_at=0.59; Wres_ogy_at=0.59

Wsourc_ogy_at=0.58; Wcoor_oss_a.=0.58
WhrusL_oey_at=0.60; Wpat_oss_a.=0.60

R&D-EFFIND is the sum of input, process and output efficiency indicators weighted by factor score coefficients.

R&D—EFFIND =Wy acr sy a -IN_ACT_OBJQL; +Wpgee act osya. -PROC_ACT_BJ_QL +Wor act csya. -OUT_ACT_OB_QL

According to the business survey the following weights should be used in case of input, process and output
efficiency indicators.

Win_act_o8ys_at=0.34; Wrroc_act o8y at=0.46; Wout act oy a.=0.48



