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Abstract: - Learning-by-searching is the process of experience in the emergence of new high-value-added
products with the new knowledge and skills that an enterprise achieves through the network system it
establishes with its own R&D unit, other enterprises, universities, and other information sources. The most
important factor that contributes to learning-by-searching is undoubtedly the investments made in research and
development in economic sectors. A review of the literature on the subject reveals that R&D expenditures are
only used as the second independent variable in linear learning curve models. For this reason, in the existing
applied studies, only a fixed representative learning rate, which is the average of the learning rates in the period
in question, is determined. In this study, a two-factor dynamic learning curve model is used to measure the
cost-reducing effect of R&D expenditures. Thus, in addition to learning-by-doing ratios, the evolution of
learning-by-searching ratios over time is also taken into account. The findings of the study support the view in
the literature that the learning-by-doing rates in the one-factor dynamic learning model are biased. In addition,
in the two-factor dynamic learning curve model, it was also found that in periods when learning-by-doing loses
its effect, learning-by-searching increases its effect.
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1 Introduction The learning curve model predicts that an
The determinants of economic growth have been increase in cumulative output will increase labor
one of the main topics of debate in the literature produ(?tivi'.[y, WhiCh will ngturally lead to a
since the mid-20th century. The most important of .reductlon. In umF costs. There 1s a strong consensus
these are technological development and human in the existing llterat}lre that this model is the best
capital expenditures. Technological development measurement tool as it allows for the comparison of
emerges as a result of basic scientific research and past learning levels. MOY?OVGT’ the learning curve
innovation activities. In today's world where the model allows for the estimation of long-run cost
technology race is gaining momentum, countries _reduc‘upns at the 1nd1v.1d-ual, orgam.zatlon.al' aqd
that do not want to lose their international industrial levels, thus guiding economic policies in
competitiveness feel the need to develop and the areas of industry, energy and environment.

update their technological knowledge base more The idea j[hat increased experience through
than ever. Human capital represents the knowledge, hands—op '1earn1ng would lead to improvements in
skills, and experience of the labor force. The productivity was first proposed in [1]. In [2] further
common goal of technological development and is developed this basic approach and' argued that
human capital factors is to produce high-value- new know-how created through learning-by-doing
added products by increasing labor productivity in in the production stage can enter the production
the production of goods and services. process as free input in the next production stage.
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As production increases and costs fall, the new
knowledge generated in this process will eventually
spread to other firms in the sector, since it cannot
be retained by the innovative company for a long
time. Ultimately, this positive externality will affect
other sectors of the economy and contribute to the
economy as a whole.

In today's world of global competition, it has
become even more important to increase
productivity by improving technological learning
capacity. Technological learning capability is
defined as the ability to use technological
knowledge effectively in production, engineering,
and innovation processes. This capability can only
be acquired through continuous technological
learning in an economy with qualified labor, raw
materials, capital, and strong institutions.
Monitoring the sustainability of technological
learning by using methods to measure the learning
levels of the labor force employed in production is
very useful in terms of guiding technology policies.
Technological development is usually a long
process involving several stages. [3] first described
this process in the literature and proposed a model
based on the triple paradigm of invention,
innovation and diffusion. In this context, invention
is defined as the generation of new knowledge and
new ideas. In the innovation stage, inventions are
further developed and transformed into new
products. In the final stage, diffusion is the
acceptance of new products by a broad segment of
society. The process of technical change, which
reflects the stages of technological progress, is not
linear as it includes feedback loops between the
components of the mode,l [4]. Knowledge of the
stages and characteristics of this technological
change process is also important for the economic
analysis of renewable energy technologies, [5].

Research and Development (R&D) activities
are undoubtedly one of the key drivers of
technological progress. Basic research covers a
wide range of innovations and addresses the initial
stages of technological development. As is well
known, installed capacity cannot increase until
commercial sustainability is achieved through cost
improvements and/or government intervention in
the production process. Although market size and
conditions are limited, R&D plays a leading role in
technological progress. Commercial expectations
and supportive measures will lead to increased
R&D activity and capacity expansion. As
technology gradually develops and matures, the
impact of both R&D activities and their increased
cumulative output will diminish. In practice, R&D
activities are often associated with the innovation
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and diffusion stages of technological progress, [6].
In the related literature over the last 30 years,
technological learning capability has been extended
to include the learning capability acquired as a
result of basic scientific research and R&D
activities, which are the main sources of
technological progress. Therefore, the level of
learning-by-searching for employees in any sector
or firm can only be explained by a two-factor
learning curve model in which R&D expenditures
are included in the model as an independent
variable. The main objective of this study is to
econometrically reveal the possible effects of
cumulative production and R&D expenditures on
labor productivity using the case of Turkey. In the
study, manufacturing industry sub-sectors are first
theoretically investigated in terms of technological
learning capacity, R&D activities, learning curve,
and technological characteristics, and then the
related studies in the literature are comparatively
reviewed. Finally, the learning-by-doing and
learning-by-searching ratios in the Turkish
manufacturing industry sub-sectors are statistically
determined and according to the findings of the
study, sectors with high productivity are selected,
and support for these sectors is recommended.

2 Learning Curve Model

The learning curve model suggests that the
reduction in the unit cost of a product is a function
of the experience resulting from the cumulative
increase in production. Since the 1930s, the
learning curve has been used as a method for
measuring technological change. The learning
curve measures technical change that reduces costs
through innovative activities. The concept of the
learning effect as an indicator of technological
change first appeared in the works of [1] and [7]
has been commonly referred to as "learning-by-
doing". Although the concept of the learning curve
has been known for a long time, the need for
innovation in  energy  technologies and
environmental policy has led to a significant
increase in interest in this area of research. In the
1930-1960 period, the first applications of the
learning curve appeared in the manufacturing
sector [7], [8], [9]. In the 1970-1980 period, it was
applied to management, strategy, and business
organization [10], [11], [12], [13], [14]. In addition,
the learning curve has received considerable
attention since the 1990s for its application in
policy analyses and especially in renewable energy
technologies, [15], [16], [17], [18].
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The learning curve of a given technology can
be defined by equation (1) below. Where, C; is the
unit production cost at time t; Co is the initial unit
production cost; Q; is the cumulative production
quantity at time t and -a is the coefficient of
learning elasticity. Equation (2) is the logarithmic
form of equation (1). The progress ratio (d) is
calculated using equation (3). The learning effect of
increased capacity or cumulative output on unit
cost is represented by the learning rate defined in
equation (4).

C=Co Qt™° (1)
ILnCt =LnCy —alnQ¢ )
d=27¢ 3)
LR=1-d 4

The progress ratio (d) shows the change in unit
cost compared to the initial value. The learning rate
(LR) is the rate of decrease/increase in unit cost
when cumulative production is doubled. The
progress ratio shows that the unit production cost
decreases by 27 when total production is doubled.
When learning occurs in the production process, d
is expected to be between 0 and 1. When this ratio
approaches zero, it means that higher learning has
taken place and when it approaches one, it means
that lower learning has taken place. If d=1, there
will be no change in unit production costs in the
direction of increase or decrease. If d>1, there will
be an increase in unit production costs or a loss in
productivity.

At the macro level, it takes time to internalize
new technologies in a country that lacks adequate
institutionalization and qualified human resources.
For this reason, a dynamic (S-shaped) learning
curve showing the evolution of learning rates will
reflect changes over time better than the classical
linear learning curve. Moreover, the fact that
technological learning is a costly and time-
consuming process and that firms in the
manufacturing industry sectors cannot internalize
technological innovations due to their imperfect
information also prolongs this process. For all these
reasons, [19] determined that it would be more
appropriate to use a third-order cost function,
which is defined by equation (5) below, in
accordance with the S-shaped Ilearning curve
developed by [20] and [21].

InCt = InCy + B1 (INQp) + B2 (InQp)* +
B3 (ant)3
—a= 1 + 2B2 (InQ¢) + 3PB5 (InQ¢)

®)
(6)
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Taking the first derivative of equation (5) with
respect to [nQ; gives the coefficient of elasticity of
learning-by-doing (-a) defined in equation (6).

3 Literature Review

In studies based on the single-factor learning curve,
reductions in unit costs caused by increases in
production and capacity through technological
change and innovation activities are accepted as a
measurable indicator of technological progress
[22]. However, the reduction of the independent
variable to a single factor in the learning curve,
which was originally designed for mature
industries, has led to increasing criticism that this
model is insufficient to keep pace with evolving
technologies. The proactive approach, which views
technological progress as endogenous, argues that a
variety of factors should be used to encourage
technological progress. An important shortcoming
of the single-factor learning curve model is that it
does not take into account the impact of R&D on
cost reduction. In such a case, in other words, if the
R&D variable is not included in the model, learning
rates are likely to be biased.

Research on the calculation of learning rates in
the field of Renewable Energy Technologies (RET)
has been conducted since the 1970s. Some of these
studies have shown that learning-by-doing has
accelerated with technological developments in
photovoltaic (PV) solar energy and wind turbines,
[18], [23], [24]. On the contrary, there are many
studies showing the opposite, [25], [26], [27], [28],
[29], [30], [31], [32]. According to the results of all
these studies, it is normal that learning-by-doing
rates for PV and wind technologies, which are more
capital-intensive, gradually decrease over time.
This is because it is known that R&D expenditures
and the number of patents in RET have increased
exponentially in the last 30 years, [33], [34].
Whether the declining learning-by-doing rates in
RET have been replaced by an increase in learning-
by-research rates can only be determined by a two-
factor dynamic learning curve model.

A review of the relevant literature of recent
years reveals that studies have focused on models
that allow for the estimation of future learning
rates. For example, qualitative research [35]
estimated that in electricity generation with carbon
capture and storage (CCS) systems in 1800 MW
power plants in China, when the cumulative
generation capacity reaches 100 GW, the cost of
unit capital and electricity will decrease by 40%
and 13-25%, respectively. Similarly, [36],
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forecasted that the unit capital investment cost of
PV solar panel production in the UK will decrease
from £5000 in 2007 to £1800 in 2030.

The single-factor dynamic learning curve
model has also been the subject of empirical studies
across economic sectors. Among these [19]
conducted an important study on the subject for
Turkey and detected that 28 manufacturing industry
sub-sectors follow three different technological
learning paths by using the Turkish data for the
period 1980-2000 under the Least Squares (LS)
method. In their study, they found that low and
medium-low technology sub-sectors, which are
defined as mature manufacturing industry sub-
sectors, have experienced forgetting in recent years.
On the other hand, they observed that high-tech
sub-sectors, which are referred to as emerging sub-
sectors, did not experience forgetting, while
revitalized medium-high technology sub-sectors
experienced forgetting at the beginning.

According to prior research [37], using the
model and methodology in [19] with the NACE
Rev.3 data of 25 manufacturing industry sub-
sectors of the Japanese economy for the period
2000-2014, forgetting occurred in the initial period
in high and medium-high technology sub-sectors of
the manufacturing industry and in the last period in
low and medium-low technology sub-sectors.
Moreover, total factor productivity declined from
65% to 42% in the entire manufacturing industry
sector. As a result, the capital-intensive nature of
technological development in Japanese firms let
unit production costs to not fall sufficiently in this
situation where the level of learning did not
increase.

An important question in the technological
learning literature is the extent to which learning is
driven by R&D expenditures or R&D-based know-
how. The study of [38] was the first to incorporate
cost improvements resulting from R&D
expenditures into a single-factor learning curve
model. Later studies have estimated learning rates
for RET areas and tried to answer the question of
whether there is a causal relationship between R&D
expenditures and decreasing unit costs. For
example [39] examined the effects of cumulative
installed  capacity and cumulative R&D
expenditures on unit investment costs using a two-
factor linear learning curve model and LS method
on quarterly data on global wind turbine production
for 1979-1997. According to their findings, the
learning rates by doing and searching are 9.73%
and 10%, respectively.

In another study using data on wind turbine
technology [6], using the same model and
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methodology, investigated the impact of global
production and R&D expenditures on the unit cost
of electricity generation over the period 1980-1998.
Finally, the learning rate was 13.1% and the
learning rate by searching was 26.8%. Another
study [40], using data from Germany (1990-1999),
Denmark (1986-1999), Spain (1990-1999), Sweden
(1991-2002) and the UK (1991-2000) in the same
technology area, found that the learning-by-doing
rate was 3.1% and the learning-by-searching rate
was 13.2%. Similarly, [41], searched for the
changes in investment costs in the period 1986-
2000 and estimated the learning-by-doing rate as
17% and the learning-by-searching rate as 20%.
The common result of all these studies is that the
learning-by-searching rate is significantly higher
than the learning-by-doing rate.

In the related literature, another group of
studies attempted to compare the impact of multiple
technologies on unit costs. In the first of these [6]
categorized technologies into four classes
according to their maturity levels and examined the
learning performances of technologies in each
class. In his research, he found that emerging
technologies have lower rates of learning-by-doing
and learning learning-by- searching compared to
other technologies. In his study, he argued that high
capital intensity and market constraints slow down
the rate of progress of emerging technologies. He
also observed that evolving technologies have
higher levels of learning-by-doing and learning-by-
searching than other technologies. In the same
study, [6], argued that even when firms face
significant market constraints, revived technologies
will respond positively to R&D and patent
expenditures. On the other hand, other researchers
[42] studied onshore wind power, offshore wind
power, solar PV, and concentrated solar power
(CSP) technologies for the period 1980-2012 and
arrived that the learning-by-doing rates calculated
with the two-factor model is lower than the
learning-by-doing rates calculated using cumulative
capacity alone.

In the literature it is also possible to find
studies using learning curve models with more than
two factors. In one of the first studies based on
these models original study [43] found that 15% of
the learning-by-doing effect in the production of 37
different chemical products in the US was due to
economies of scale. In the same study, he also
found that R&D expenditures and capital intensity
are the most influential factors and that they
significantly shift the learning curve downward in
parallel. Supporting this result [44] detected that
learning-by-searhinging resulting from R&D
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investment expenditures is the most influential
factor in US PV solar panel production. This was
followed by economies of scale, silicon price, and
cumulative production factors, respectively. On the
other hand, [45] examined the production of the
world's four largest solid oxide fuel cell (SOFC)
manufacturers and found that the least influential
variable on learning was R&D expenditures. They
found that the learning rate was 5% at the initial
commercialization stage, 27% at the pilot
production stage, and 13-17% at the R&D stage.
They also estimated a learning rate of 44% at the
scale-up stage, 28% at the intensive equipment
purchase stage, and 35% at the automation stage. In
summary, the most influential factor was found to
be economies of scale, followed by automation,
input prices, and R&D expenditures. In the study of
[46] it was determined that the most effective
factors in cost reduction in Global PV solar panel
production were cumulative capacity and silicon
price. In addition, it was estimated that learning-by-
doing had a 75% effect and input prices had a 25%
effect.

4 Data and Econometrical Method

In the present study, 22 sub-sectors of the
manufacturing industry in Turkey are analyzed.
Annual data for the period 1990-2022 are used for
the manufacturing industry sub-sectors. Among the
variables used in the econometric analysis, R&D
expenditures are obtained from the European
Statistical ~ Institute =~ (EUROSTAT),  while
cumulative production and employment volume
data are obtained from the Turkish Statistical
Institute (TURKSTAT). The seasonally and
calendar-adjusted industrial production index used
in the study is also obtained from TURKSTAT.
The data set used in the study is defined in Table 1.

Table 1. Definition of Variables

Name

Symbol Explanation

Unit Cost (TL) Ct Employment  volume reel

cumulative output.

divided by

Real Cumulative  Q;
Production (TL)

Firstly, the turnover of the relevant sector is
divided by the consumer price index of that
year (CPI: 2003=100) and the real cumulative
production amount of the relevant year is
calculated in Turkish Lira (TL). Then, real
cumulative production amounts were obtained
by adding the total real cumulative production
amount of the previous year to this amount.

Real Cumulative  RD; Dividing R&D expenditures by the consumer

R&D price index of that year (CPI: 2010=100), the

Expenditures (TL) amount of real R&D expenditures of the
relevant year was calculated in TL. Real
cumulative R&D expenditures were then
calculated by adding this amount to the total
real R&D expenditures of the previous year.

Employment Lt Number of employees by sub-sector in year t.

Volume (Person)
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In the econometric analysis of the study,
learning-by-searching is defined as a second factor,
and the learning curve function is modified as
shown in equation (7) below.
Ct(Q,RD) = Co (Qt)” *RDy)" ® (7)

In equation (7), "-b" is the coefficient of the
flexibility of learning-by-searching. RD, represents
the real cumulative R&D expenditures in the
relevant sub-sector at time t. Replacing C; in
equation (5) with C(Q, RD) in equation (7) yields
the following two-factor dynamic learning curve
equation.

InC¢ = Bo + B1 (InQp) + B2 (InQp)* +
Bs (InQt)* + Ba InLt +Bs (InRD¢) +
Bs (INRD¢)*+ B7 (InRD¢)* + et ®)
when the first derivative of equation (8) is taken
with respect to InRD,, the coefficient of elasticity
to learning-by-searching (-b) calculated by
equation (9) below is obtained.
—b=Ps + 26 (InRD¢) + 3f7 (InRD¢y ©

The rate of improvement in research (d,) and
the rate of learning-by-searching (RR) is calculated
as shown in equations (10) and (11), respectively.
dr = 27P (10)
RR = 1-dy (11)

In the econometric analysis part of the study,
the following regression models were separately
estimated for each sector.

Model 1: InC¢ = o + B1 (InQ¢) +

B2 (ant)2 +
B3 (InQ¢)* + &t

Model 2 : InCt= Bo + B1 (InQ¢) +

B2 (InQ¢)* + B3 (InQ¢)* +
Ba InLt + &t

Model 3 : InCe= By +B1 (InQ¢) +B> (InQ¢)
+
B3 (InQ¢)* + 4 InL¢ +
Bs (InRD¢) + B (INRDt)* + B7 (InRDy)* + &t

Model 2 was produced by adding employment
volume (L;) as a control variable to Model 1.
Model 3 is defined as a two-factor dynamic
learning curve model and as a result of the
estimation of this model, learning-by-doing and
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learning-by-searching rates are obtained.

Before proceeding with the model estimations,
unit-root analyses of the time series analyzed for all
sub-sectors were performed by using [47], [48].
[49] and all series were found to be stationary at
their levels. In the estimated regression equations,
the autocorrelation problem was checked by using
[50]; the heteroscedasticity problem  was
investigated by using [51] and when it is necessary,
variance-covariance matrices were corrected by
using [52].

5 Empirical Results

Using the data of 22 manufacturing industry sub-
sectors of the Turkish economy for the period
1990-2022, Models 1, 2, and 3 were estimated
under the Ordinary Least Squares method in the
NACE Rev.2 category (Table 2) as 2-digit.

Table 2. NACE Rev.2 Codes

10 Food products

13 Textiles

14 Wearing apparel

15 Leather and related products

16 Wood products, except furniture

17 Paper and paper products

18 Printing and reproduction of recorded media

19 Coke and refined petroleum products

23 Other non-metallic mineral products

24 Basic metals

25 Fabricated metal products, except machinery

26 Computer, electronic and optical products

27 Electrical equipment

28 Machinery and equipment not classified elsewhere
29 Motor vehicles

30 Other transport equipment

31 Furniture

32 Other manufacturing

33 Repair and installation of machinery and equipment

The statistical findings show that only learning-
by-doing is effective in the food, wood products,
printing and publishing, petroleum and coke, basic
metal industry, and motor vehicles sub-sectors. On
the other hand, it is understood that only learning-
by-searching is effective in the electrical equipment
sub-sector, while both two learning types are
effective in the remaining 15 manufacturing
industry sub-sectors. Moreover, all F values are
statistically significant at the 1% level and adjusted
R? values are between 0.569 and 0.990.

The annual technological progress ratios
obtained as a result of learning-by-doing for the
sectors coded 10-20 were presented in Table 3.
Each column in Table 3 represents the
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technological learning levels for a particular sub-
sector according to NACE Rev.2 codes. The
learning levels over unity are grey-colored to
separate the years of forgetting. In the same table,
each one of the learning levels indicates the
reductions or increases in unit production costs for
each doubling of production in a given year for a
given sub-sector. Changes in the annual learning
levels from one year to another suggest that the
level of technological learning differs each year.
For example, the annual learning levels for the
textiles sub-sector, with 13 NACE Rev.2 codes,
are 1.24, 0.97, and 0.83 in 1991, 1992, and 1993,
respectively. These learning values represent the
per unit cost efficiency gained or lost in that
particular year. This means that, in 1991, the
textiles sub-sector lost some efficiency and the unit
production cost increased 24% for each doubling of
the production. However, in 1993, unit production
costs decreased to 83% of the previous value for
each doubling of production.

Table 3. Progress Ratios Obtained as a Result of
Learning-by-doing

10 13 14 15 16 17 18 19 20

1.99 055 137 0.78 0.85 1.61
1.24 071 1.01 064 1.12 1.11
097 0.79 096 059 1.26 0.95
0.83 0.85 091 055 131 0.88
075 0.89 0.89 052 1.29 0.84
0.69 093 087 051 126 0.83
0.65 096 086 050 1.22 0.82
062 1.01 086 049 1.18 0.82
0.60 1.03 086 049 1.14 0.82
058 1.05 0.86 048 1.11 0.83
0.57 1.06 086 048 1.10 0.84
0.56 1.07 0.86 048 1.04 0.85
0.55 1.08 0.87 048 1.00 0.86
0.54 1.09 0.88 048 0.96 0.88
054 1.10 0.89 048 0.92 0.90
054 1.11 0.89 048 0.88 0.92
054 1.12 090 048 0.85 0.94
053 1.12 090 048 0.92 0.97
053 1.12 091 048 0.79 0.99
053 1.13 092 049 0.76 1.03
053 1.13 093 049 0.73 1.05
053 1.13 094 050 0.70 1.08
053 1.13 095 050 0.67 1.12
053 1.14 097 051 0.64 1.16
053 1.14 098 0.51 0.60 1.20
053 1.14 099 052 0.57 1.24
053 1.14 1.01 052 0.54 1.27
053 1.14 1.02 052 0.50 1.30
053 1.14 1.04 053 0.46 1.33
054 1.14 1.05 053 044 1.37
054 1.14 1.06 0.54 043 1.41
055 1.14 1.07 0.54 0.39 1.45
055 1.14 1.08 0.55 0.37 1.48

0.48 0.62 0.21

Similarly, the annual technological progress
ratios obtained as a result of learning-by-searching
for the sectors coded 24-33 are given in Table 4.
Looking at this table, the annual learning levels for
the repair of machinery sub-sector, with 33 NACE
Rev.2 codes, are 0.67, 0.88, and 1.08 in 2013,
2014, and 2015, respectively. In other words, in
2013 unit production costs decreased to 67% of the
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previous value for doubling of production.
Whereas, in 2015, the repair of machinery sub-
sector lost some efficiency and the unit production
cost increased by 8% doubling of the production.

Table 4. Progress Ratios Obtained as a Result of
Learning-by-doing
24 25 26 28 29 30 31 32 33

1990 096 0.19 219 124 0.80 003 221 119 055
1991 0.59 029 186 069 0.87 008 177 0.74 0.59
1992 048 036 151 053 090 020 129 052 0.65
1993 043 037 128 044 02 032 1.05 041 0.71
1994 040 039 094 040 093 041 095 036 0.78
1995 0.40 041 0.75 038 093 050 0.8 032 0.86
1996 0.40 042 0.60 036 093 056 0.80 030 0098
1997 041 043 049 034 093 060 0.75 029 1.08
1998 0.42 044 041 034 093 063 072 028 1.18
1999 043 044 037 033 093 065 0.69 027 127
2000 0.44 044 034 033 092 066 0.67 026 138
2001 045 044 032 033 092 067 0.67 026 149
2002 047 044 030 030 092 0.68 066 026 1.61
2003 049 044 030 034 091 068 0.66 030 1.75
2004 0.51 043 030 034 09 069 066 038 1.80
2005 0.54 043 031 035 090 069 0.67 050 1.84
2006 0.56 042 033 036 089 0.69 067 0.62 1.83
2007 0.59 042 035 037 0.88 069 0.68 0.77 1.78
2008 0.62 041 038 038 088 0.69 069 094 1.65
2009 0.65 040 041 039 088 0.68 070 1.09 1.53
2010 0.69 040 046 041 0.87 068 0.71 121 137
2011 0.73 039 051 043 087 0.67 071 135 1.18
2012 0.76 038 0.57 045 0.86 065 0.72 152 1.06
2013 0.80 038 064 047 085 0.64 073 1.65 095
2014 0.83 038 0.70 050 0.84 062 0.74 173 092
2015 0.87 037 077 053 083 060 075 181 0.88
2016 0.90 037 086 057 0.82 057 0.76 188 0.94
2017 093 037 094 0.60 081 056 078 195 0.79
2018 094 036 1.01 064 0.80 054 0.80 199 0.77
2019 098 035 1.15 0.67 079 052 083 203 075
2020 1.03 034 126 069 0.78 050 0.86 2.08 0.73
2021 1.08 033 133 073 0.77 048 0.89 212 0.69
2022 1.13 032 139 077 076 046 093 216 0.67

According to Figure 1, which presents the time
course of learning-by-doing levels, contrary to the
findings of [19], [37], [53], there is no forgetting in
any period in the medium-high-tech chemical
products, motor vehicles, machinery and equipment
not classified elsewhere and other transportation
vehicles sub-sectors, while there is no forgetting
even in the middle of the period in high-tech
computer-electronics and in the medium-low-tech
rubber and plastic and petroleum products sub-
sectors. In the high-tech pharmaceuticals sub-
sector, forgetting was observed in the last period.
On the other hand, forgetting occured in the low-
tech furniture, textiles, and paper products sub-
sectors in the baseline period. Moreover, in the
low-tech food, wooden products, and printing of
recorded media sub-sectors and in the medium-
low-tech fabricated metal products sub-sector no
forgetting was reported in any period. The fact that
the end-period forgetting observed in the low-tech
clothing and other manufacturing and the medium-
low-tech basic metals sub-sectors is in line with the
findings of the aforementioned 3 studies in the
same field in the literature.
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Forgetting periods | Related Sub-sectors
No forgetting Rubber and plastic, petroleum
in the middle products, leather  products,
computer-electronics
Convex Machinery and equipment and
with No forgetting classified elsewhere
minimum in any period
Basic metals, other
Forgetting manufacturing
in the end
No forgetting Repair of machinery and
in the middle equipment,
non-metallic mineral products
Chemical  products, motor
Concave No forgetting in | vehicles,
with any period other transportation vehicles
maximum
Furniture, textile, paper
Forgetting products
in the beginning
Convex No forgetting Food, fabrcated metal products,
without in any period wooden products, printing of
reaching recorded media
minimum
Concave
without Forgetting Clothing, pharmaceutical
reaching in the end products
maximum

Fig. 1: Time Course of Learning-by-doing Levels

Forgetting Related Sub-sectors
periods
No forgetting | Chemical products, other
in the middle | transportation vehicles, repair of
machinery and equipment, non-
Convex LT
. metallic mineral products
with
minimum
Forgetting Fabricated 1 prod
every period abricated metal products
Forgetting Computer-electronics, furniture,
in the middle pharmaceutical ~ products, textile,
Concave leather products, paper products, other
with . .
. manufacturing, rubber and plastic
maximum
No forgetting Electrical equipment
in any period
Convex Forgetting
without in the | Clothing
reaching beginning
minimum

Fig. 2: Time Course of Learning-by-searching
Levels

The course of learning-by-searching levels over
time is presented in Figure 2. According to this
table, it is observed that in most of the sub-sectors
of the manufacturing industry, the progress ratios
obtained through learning-by-searching (d,) move
symmetrically in the opposite direction to the
progress ratios obtained through learning-by-doing
(d). Namely, in the computer-electronics, chemical
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products, machinery and equipment not classified
elsewhere, repair of machinery and equipment,
non-metallic mineral products, rubber and plastics,
leather products, clothing, other transportation
vehicles and other manufacturing sub-sectors,
learning-by-doing levels declined during the period
when learning-by-searching levels increased.
Similarly, while learning-by-doing levels of the
fabricated metal products sub-sector did not show
forgetting in any period, learning-by-searching
levels demonstrated forgetting in the entire period
analyzed. Again, forgetting, which was initially
observed in the learning-by-doing levels of the
clothing sub-sector, was reported in the last period
in the learning-by-searching levels.

6 Conclusion

In the literature, learning curve models are used as
one of the ways to measure labor productivity
during production. The first empirical study based
on these models was T.P. Wright's single-factor
linear learning curve model in 1936. Over time,
Wright's single-factor learning curve model was
further developed and the new models developed
were named as experience curve, Moore's law, and
Stanford B model. Since the early 2000s, it has
been used as a dynamic learning curve model.
Nowadays, especially in empirical studies, learning
curve models with two or more factors are widely
used instead of single-factor learning models. The
main reason for this is that the learning rates
calculated with the single-factor model are
overestimated. Many empirical studies suggest that
technological learning levels change and can also
change over time, [19]. The assumption that
technological learning can change over time is only
possible with a dynamic learning curve model.
Thus, according to the course of learning levels
over time, the effect of the relevant independent
variables on cost reductions can be measured.
Therefore, whether R&D investments in any of the
sub-sectors of the manufacturing industry yield the
desired results can be easily monitored with this
model and the findings obtained from the related
study can be used as a basis for future research.

In this study, three different versions of the
dynamic learning curve model are estimated to
obtain the learning-by-doing and learning-by-
searching rates of 22 manufacturing industry sub-
sectors of the Turkish Economy for the period
1990-2022. In the one-factor dynamic learning
model, the independent variables obtained by
taking the cumulative output, its square and cube
are separately used. Employment volume is then
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included as a control variable. In the two-factor
dynamic learning model, the independent variables
obtained by taking real cumulative R&D
expenditures, its square and cube are also included
in the model. According to the findings of the
econometric analysis of the study, the time course
of learning-by-doing levels obtained from the study
differs significantly from the time course of
learning-by-doing levels in similar studies using the
one-factor model. Moreover, in the majority of
manufacturing industry sub-sectors, the graph of
learning-by-doing curves obtained from the
estimation of the two-factor dynamic learning
curve model moves symmetrically in the opposite
direction to the graph of learning-by-doing curves
estimated using the same model. This supports the
view in the literature that the learning-by-doing
rates obtained from the single-factor model
estimation is biased. Finally, it is recommended
that the high-tech computer electronics,
pharmaceuticals, medium-high-tech chemicals,
machinery and equipment not classified elsewhere,
electrical equipment, medium-low-tech rubber-
plastics, non-metallic mineral products and low-
tech textiles, clothing, leather products, and paper
products sub-sectors should be supported with
more R&D incentives. With this study, the course
of learning-by-doing and learning-by-searching
rates in manufacturing industry sub-sectors over
time has been obtained. Thus, the contribution of
R&D investments in these sub-sectors to their
technological learning capabilities has been
revealed.
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