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In this study, logistic regression and neural networks were used to predict non-industrial
private forest (NIPF) landowners™ choice of forest taxation basis. The main frame of
reference of the study was the Finnish capital taxation reform of 1993. As a consequence
of the reform, landowners were required to choose whether to be taxed according to site-
productivity or realized-income during the coming transition period of thirteen years.

The most important factor affecting the landowners” choice of taxation basis was the
harvest rate during the transition period, i.e. the chosen timber management strategy.
Furthermore, the estimated personal marginal tax rate and the intention to cut timber
during next three years affected the choice. The descriptive landowner variables did not
have any marked effect on the choice of forest taxation basis.

On average, logistic regression predicted 71 % of the choices correctly; the corre-
sponding figure for neural networks was 63 %. In both methods, the choice of site-
productivity taxation was predicted more accurately than the choice of realized-income
taxation. An increase in the number of model variables did not significantly improve the
results of neural networks and logistic regression.
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1 Introduction

1.1 Strategic Decision Making

Most non-industrial private forest (NIPF) land-
owners have long-term perspectives in regard to
their strategic view of forest management
(Lonnsted 1989). It is important to understand
the strategic decisions of NIPF landowners for
several reasons: e.g. predictions of the timber
supply from private forests for investment plans
by forest industries (Lonnstedt and Roos 1993).

Strategic planning operates on future produc-
tion possibilities; the starting point in planning is
in the variability of the factors of production and
their allocation (e.g. Kast and Rosenzweig 1974).
When applied to NIPF management planning,
the strategic view includes the production of al-
ternative, strategic-level programmes for timber
production and silviculture. Timber management
covers a range of strategies from “no cuttings at
all” to “maximum cuttings within the limits of
timber production possibilities”. Timber man-
agement strategies can be described in terms of
intensity and recurrence of cuttings, for instance.

Many studies (e.g Wardle 1965, Kilkki 1968,
Ware and Clutter 1971, Kangas and Pukkala
1992, Siitonen 1983, Johnson et al. 1986, Jons-
son et al. 1993, Pukkala and Kangas 1993) have
been done on the subject of strategic forest man-
agement planning. Strategic-level decision mak-
ing and decision processes have been studied by
Lonnstedt and Tornqvist (1990), Kajanus (1992),
Pukkala and Kangas (1993). Forest taxation, as
part of forest management planning, has received
little attention.

1.2 Forest Taxation Reform

In 1993, the Finnish forest taxation system un-
derwent a reform, when site-productivity taxa-
tion (SPT) was replaced by realized-income tax-
ation (RIT). The Finnish forest taxation reform
includes a 13-year transition period for non-in-
dustrial private forest (NIPF) landowners.

The choice of forest taxation basis is part of the
strategic decision making of landowners, as is also
the choice of timber management strategy (Peso-
nen 1995). In the spring of 1994, landowners were
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required to choose whether to be taxed according
to SPT or RIT for the next 13 years. During this
transition period of 13 years (1993-2005), land-
owners choosing SPT will be able to realize their
accumulated timber growth which has already
been taxed once prior to the taxation reform.

SPT is based on the estimated taxable income,
i.e. the estimated value of the mean annual incre-
ment according to the site’s soil productivity
(Laki maatilatalouden ... 1990). Under this sys-
tem, the estimated taxable income from forestry
is added to the NIPF landowner’s non-forestry
income, and the final and actual tax to be paid
annually depends on the landowner’s personal
marginal tax rate. The new RIT system is based
on the individual landowner’s annual timber sales
revenues. The net timber income is taxed apply-
ing a uniform and constant tax rate, which in
1993 was 25 % (Tuloverolaki 1992).

The most important factor affecting the indi-
vidual NIPF landowner’s optimal choice of tax-
ation basis is the harvest rate during the transi-
tion period, i.e. the chosen timber management
strategy. The estimated value of annual incre-
ment under SPT, the landowner’s personal mar-
ginal tax rate, and the uniform capital tax rate
were also significant factors influencing the op-
timal forest taxation basis (Ovaskainen et al.
1992, Pesonen and Risdnen 1993). In order to
assist NIPF landowners in making their choice,
Pesonen and Risidnen (1993) formulated a mod-
el for the optimal forest taxation basis. In the
model, the optimal choice depends on the land-
owner’s marginal tax rate and the relation be-
tween the chosen timber management strategy
and the volume of taxable increment (m3/ha/a),
i.e. the estimated growth under SPT.

1.3 Logistic Regression and Neural Net-
works

Logistic regression has been rarely used in mod-
elling strategic decision-making problems. In-
stead, logistic regression models have been wide-
ly used in solving other kinds of problems. Roy-
er (1987), for example, has modelled the refor-
estation behaviour of NIPF landowners, Helio-
vaara et al. (1991) have predicted the distribu-
tion of bark beetles using climatic variables, and
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Fig. 1. Frame of reference applied in this study.

Uusitalo (1993) has predicted the timber quality
of Scots pine.

Methods in the field of machine learning offer
new approaches to retrieving knowledge from
ill-defined, noisy domains. Many machine learn-
ing techniques are non-parametric in character
and capable of dealing with quantitative as well
as qualitative variables with linear and nonlinear
dependencies. Often they are noise-tolerant and
nonsensitive to fixed hypotheses (Guan and Gert-
ner 1991).

The basic idea in neural networks is to simu-

late and understand the processes of a nervous
system. In forest science, neural networks have
becn used, for example, in estimating non-opti-
mality losses resulting from harvesting decisions
(Lamas et al. 1991) and in estimating forest stand
characteristics based on satellite-based remote
sensing (Feycting et al. 1991). Nikula and Vikevi
(1991) have modelled the risk of moose-brows-
ing in forest plantations and Guan and Gertner
(1991) have modelled red pine survival. Further-
more, neural networks have been applied to fore-
casting recreation in wilderness areas (Pattie
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1992) and to predicting processing parameters in
particleboard manufacturing (Cook et al. 1991).
As yet, neural networks have not been applied in
modelling strategic decision-making problems.

1.4 Aim of the Study

The aim of this study is to 1) predict NIPF land-
owners’ choices using logistic regression and
neural networks, 2) compare the performance of
the two methods in predicting NIPF landowners’
choices of forest taxation basis, and 3) clarify
the factors affecting landowners’ actual choices
between site-productivity taxation and realized-
income taxation.

In modelling the choice of forest taxation ba-
sis, logistic regression is used because of the
binary outcome of the choices. The frame of
references of the study is presented in Fig. 1.

2 Methods
2.1 Logistic Regression

The form of the logistic regression model (1)
was

Log[L)= Log(O) =0 +Bix; +Baxs +Bax, (1)

1=%
where
n conditional probability of choosing site-
productivity taxation
1-n conditional probability of choosing re-

alized-income taxation
o, By,....8, parameters of logistic regression
X1,X2,....Xp  independent variables

(6] conditional odds of choosing site-pro-
ductivity taxation
n number of independent variables.

The betas (B,,...8,) represented the change in the
log-odds due to unit increments in the value of
the dependent variables. Moreover, the expo-
nential coefficient exp(B;) was the coefficient of
the odds (m /(1 —m)) for a one-unit increase in
the ith predictor, and 100 [exp(B;) — 1] was the
estimated percentage change in the odds for a
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one-unit increase in the ith predictor. The meth-
od of maximum likelihood was used to compute
estimates of the parameters o,83,,...8, (Demaris
1992, BMDP ... 1992).

2.2 Neural Networks
2.2.1 Principle of Neural Networks

A neural network, or a parallel distributed
processing model, is a system consisting of a
number of simple, highly interconnected process-
ing elements. Neural network models are non-
parametric in character and make inferior as-
sumptions than classical statistical methods about
independent variables (Cook et al. 1991). There
are several types of neural networks: e.g. back-
propagation networks, self-organizing maps, and
hopfield networks. The networks differ from one
another in, for example, network size, input or
output type, and the training method applied (Bai-
ley and Thompson 1990).

The basic unit in neural networks is the process-
ing element (PE), analogous to the biological
neuron (Fig. 2) (Rumelhart and McClelland
1986). A PE receives inputs from its neighbours
and, as a function of the inputs it receives and
through the transition function, the PE produces
an output value, which it then sends to its neigh-
bours (Fig. 2). The transition function can be
either a threshold or a stochastic function. The
network stores knowledge implicitly in a set of
connection weights; e.g. if the weight between
units u; and y; is a positive number, unit u; ex-
cites unit uj and if the weight is negative, unit u;
inhibits unit u;. The absolute value of wj speci-
fies the strength of the connection (Rumelhart
and McClelland 1986).

Neural networks usually include three kinds of
processing elements (or nodes): input, output
and hidden nodes. Input and output nodes con-
nect the network to the outside world, e.g. to the
process parameters being measured (Cook et al.
1991). A series of input nodes comprises an
input layer while output nodes make up the out-
put layer. Between these layers of nodes there
may be one or more hidden layers, which, in
turn, are connected to the other layers. The way
the neural network changes the weights between
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the processing elements is referred to as the learn-
ing method. An example of learning methods
applied to neural networks is the generalized
delta rule method used in back-propagation net-
works (Rumelhart and McClelland 1986).

2.2.2 Back-Propagation Algorithm

A back-propagation-type of neural network was
used in this study. This kind of a network first
uses input data sets to produce a random output,
and then compares this with the observed output.
The differences between the output predicted by
the network and the observed output are called
error signals. Thus, the back-propagation meth-
od belongs to the group of supervised learning
methods, because the correct result of each input
data set is required to control the learning proc-
ess (Bailey and Thomson 1990).

The main idea in a back-propagation network
is to minimize the sum of errors by manufactur-
ing the weights of the connections. The weight
changes are first made for all connections feed-
ing into the final layer, and once this has been
done, the error signals for all units in the previ-
ous layer are computed. This propagates the er-
rors back one layer, and the same process is
repeated for every layer. The learning process
continues until the network finds a single set of
weights satisfying the input/output pairs present-
ed to the network (Rumelhart and McClelland
1986, Cook and Wolfe 1991).

The neural network system is inherently paral-
lel in that many units can execute their computa-
tions concurrently (Rumelhart and McClelland

1986). Usually, the primary data are divided into
two parts: a training set, which is used in teach-
ing the neural network, and a test set, which is
used in evaluating the results of the network. In
testing, each observation of the test data is fed in
the network and the error between the predicted
and the original value is then calculated.

The back-propagation network used in this
study was composed of three layers. The input
layer consisted of independent variables scaled
between 0 and 1. The hidden layer consisted of
11 nodes, which was the best number of nodes
tested in this study, and the network had a single
output node: the estimated probability of choos-
ing site-productivity taxation. The way the net-
work was constructed, the default value of selec-
tions of cases learnt was 500 000 unless the net-
work converged before that. In the calculations,
software called NeuroShell (NeuroShell 1989)
was used.

3 Material

3.1 Data and Choices of Timber Manage-
ment Strategy and Forest Taxation
Basis

The data were collected from the area under the
jurisdiction of the Pohjois-Savo forestry board,
in eastern Finland. The basic information about
the forest holdings consisted of the forestry plans
made according to the TASO planning system
managed by the Forestry Centre Tapio (Ranta
1991). Descriptive information about landown-
ers, their forestry property and forestry goals
were collected by means of a two-phase mail
inquiry (Pesonen 1995). The total sample con-
sisted of 757 forest holdings.

NIPF landowners were asked as to their in-
tended choice of forest taxation basis in two
phases (Fig. 3). In addition to the intended choice
of forest taxation basis, they were presented with
the arguments for a particular choice, detailed
information about NIPF landowners’ holdings
(e.g. the number of taxation cubic meters under
SPT) and asked about landowner’s taxable in-
come in the first inquiry. The number of accept-
able answers received was 413.
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Fig. 3. The choices of forest taxation basis made by the
forest owners in the two mail questionaries.
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Following the first inquiry, five timber man-
agement strategies were calculated using the
MELA system (Kilkki and Siitonen 1976, Siito-
nen 1983, Siitonen 1993) for each NIPF land-
owner for a planning period of 20 years. The
applied strategies were (Pesonen 1995):

1 NO CUTTINGS (Total abstaining from cuttings)

SAVING (Utilizing approx. half of the sustained

allowable cut)

3 SUSTAINABILITY (Practising forestry on sus-
tained yield basis)

4 FINANCE (Utilizing majority of the allowable
cut during the first 10-year period)

5 MAX CUTTINGS (Instantly utilizing the total
allowable cut).

38]

The forest-holding-level development of, for ex-
ample, removals, growth and total volume of
growing stock were presented to the landowners

Total growing stock (m?)

12000 +

10000 +

8000

6000 -

2000 +
0 + ——
1993 1998 2003 2008 2013
—9 Sustainability —&
_.

Fig. 4. Alternative timber management strategies (Pesonen 1995) described as the development of the removals
and the total growing stock during the planning period (an example of calculations for each forest owner,

representing a sample case of the forest holdings).
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Fig. 5. Profit (a) and payble taxes (b) for the transition period (an example
of calculations for each forest owner, representing a sample case of

the forest holdings).

(Fig. 4). The landowners were then asked to
prioritize alternative timber management strate-
gies by using the Analytic Hierarchy Process
(AHP) (Saaty 1977, 1980). The highest priority
obtained from AHP represented the preferred
timber management strategy (Pesonen 1995).
The profits and the amount of payable taxes for
the transition period in each timber management
strategy were illustrated for the NIPF landowners
(Fig. 5). According to the example presented
below, if the landowner intended to cut less than
the SAVING strategy, RIT would have been the
optimal choice, but if he intended to cut accord-
ing to sustainability or more, the optimal choice
would have been SPT (Fig. 5). Based on these

illustrations of comparison, the landowners were
asked to re-assess the question of forest taxation
basis (Fig. 3). After the two inquiries, the final
sample consisted of 306 NIPF landowners.

3.2 Variables Used in the Study

In the analyses, the dependent variable was the
choice of forest taxation basis both before and
after the profitability calculations. In the first
inquiry (before landowners were shown the com-
parison pictures), the landowners had to make
the choice without the benefit of information
about the economic consequences of their choice
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of forest taxation basis in alternative timber man-
agement strategies. It can be assumed that these
choices were more or less based on personal
conceptions of the alternative forest taxation bas-
es. In the second phase (after the profitability
calculations were shown to the landowners), the
NIPF owners were able to use the comparison
pictures of the two forest taxation bases when
making the choice between the two taxation sys-
tems. In the second phase, it can be assumed that
these choices were based more on economic and
rational facts than the choices made before being
shown the calculations.

Timber management strategy has been found
to be a significant variable in modelling the opti-
mal choice of forest taxation basis (Pesonen and
Risidnen 1993). Therefore, only those NIPF land-
owners with information on the preferred timber
management strategy (n = 306), were included
in the analyses. The analyses were completed
only for non-industrial private forest landown-
ers; corporate ownership was not included, be-
cause the taxation system and the decision mak-
ing process in corporately-owned holdings are
somewhat different to those applied in privately
owned forests. Furthermore, the “no-response”
observations were ignored because of the heter-
ogeneity of the group. The number of “no-re-
sponse” observations decreased in the second
inquiry (Fig. 3). As a result, the number of land-
owners in modelling the first choice was 147,
and in modelling the second choice (after the
profitability calculations) it was 193 (Table 1).

Seven independent variables were used to de-
scribe both choices of forest taxation basis (Ta-
ble 1). In earlier studies, it has been found that
the future cuttings during the transition period
divided by the volume of taxable increment in
SPT (here referred as forest taxation index) is
the most important factor affecting the optimal
forest taxation basis (Ovaskainen et al. 1992,
Pesonen and Risidnen 1993). The forest taxation
index describes the “harshness™ of SPT at vary-
ing harvest rates. Furthermore, the landowner’s
estimated marginal tax rate and his/her intention
to cut timber in the near future (an expressed
intention to cut or not to cut timber during 1993—
1995) influenced the optimal choice (Pesonen
and Risdnen 1993). The landowners’ personal
marginal tax rate under SPT depicted the harsh-
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ness of their personal taxation level and their
intention to cut timber depicted the short-term
cutting of timber while the timber management
strategy depicted the average cutting of timber
during the transition period. In addition, the av-
erage commercial cuttings of timber of the past
S-year period were assumed to affect the future
cuttings of timber and, thereby, also the choices
of the forest taxation basis.

The age of the landowner has been found to be
a significant variable describing the forestry be-
haviour of NIPF landowners, e.g. the life cycle
harvest of NIPF landowners (Kuuluvainen and
Salo 1991). One of the variables discovered to
affect the timber management strategy choice
was the area of forest land owned by the person
(Pesonen 1995). Ovaskainen et al. (1992) as-
sumed also that the forest area owned could af-
fect the choice. Therefore, according to Ovaskai-
nen et al. (1992), if the forest area is smaller than
15 ha, the landowner is assumed to always choose
RIT. Furthermore, in that study, farmers were
supposed to choose SPT more frequently than
non-farmers, because of the debt burden of farm-
ers and the poor profitability of agriculture
(Ovaskainen et al. 1992).

3.3 Cross-Validation and Classification

In the comparison between logistic regression
and neural networks, both of the data sets (choices
of taxation basis before and after the profitabili-
ty calculations) were randomly cross-validated
into seven training sets and seven test sets. Thus,
a total of 14 (= 7 x 2) logistic regression equa-
tions and neural networks were obtained from
the training sets. Cross-validation was applied in
order to increase the reliability of the results.
With a single division of the material into train-
ing and testing sets, the results obtained depend
more on the random effect of the division (e.g.
Limas et al. 1991). In modelling the first choice,
the training sets included 100 landowners and, in
modelling the second choice, there were 135
landowners.

After cross-validation, the estimated values of
the observations in each test set were calculated
using the regression equation constructed by us-
ing the respective training set. After calculating
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Table 1. Summary of the variables used in this study.

Before calculations After calculations

Number of observations "
Choice of the site productivity taxation
Choice of the the realized net income taxation

The age of the landowners (AGE)
Minimum-Maximum
Standard deviation

Farmer/Non-farmer, Dummy (FARMER)
Number of farmers (1)
Number of non-farmers

Area of forest land, ha (AREA)
Minimum-Maximum
Standard deviation

Average commercial cuttings of the past
S-year period, m¥/ha/a (CUTTINGS)
Minimum-Maximum
Standard deviation

147 193
49 (33 %) 84 (44 %)
98 (67 %) 109 (56 %)
51 51

22-87 22-87
13 14
92 (63 %) 121 (63 %)
55 (37 %) 72 (37 %)
65 67

8-605 8-605
69 66
24 2.3

0-13.7 0-13.7
25 25

Intention to cut during 1993-95, Dummy (CU9395)

Intends to cut (1) 125 (85 %) 164 (85 %)
No cuttings 22 (15 %) 29 (15 %)

The estimated marginal tax rate in 1991, % (RATE) 41 39
Minimum-Maximum 0-56 0-56
Standard deviation 13 15

Forest taxation index ? (INDEX) 1.6 1.7
Minimum-Maximum 0-5.5 0-5.5
Standard deviation 0.9 0.9

1) No-response cases were ignored.

2) Forest taxation index = the timber management strategy of the landowners (m?/ha/a) divided by the volume of taxable
increment in site productivity taxation (m*/ha/a). The forest taxation index describes how much the landowner intends
to cut in relation to the mean annual increment during the transition period.

the probabilities, the test observations were clas-
sified according to the actual distribution of the
choices obtained from the respective training set
(the cut-off point). For instance, if the number of
actual choices of RIT was 34 in the training set
and the number of choices of SPT was 24, the
cut-off point used would be 0.41 (=24 /(34 +
24)). If the estimated probability of an observa-
tion was greater than 0.41, the predicted choice
of forest taxation basis was SPT (1), and if the
estimated probability was lower than 0.41, the
predicted choice was RIT (0). This classification
is generally done by using a cut-off point value

of 0.5, but if the sample is relatively unbalanced,
the cut-off point of 0.5 may never predict a case
to category 1 (or zero) (Greene 1993).

4 Results

4.1 Factors Affecting the Choice of Forest
Taxation Basis

In order to clarify the factors which affected the
landowners’ choice of forest taxation basis, two
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Table 2a. Logistic models for the choices of the forest
taxation basis before calculations.

Variable Coefficient Coeff./SE
Intercept -3.385 1.45
Age 0025  -1.53
Cu9395 1.930 1.79
Index 1.237 4.26
el 7.333

Df 8

N 147

Table 2b. Logistic models for the choices of the forest
taxation basis after calculations.

Variable Coefficient Coeff./SE
Intercept -1.769 -2.47
Cu9395 1.337 2.34
Rate -0.030 -2.55
Index 0.862 3.93
xn 18.193

Df 8

N 193

1)’ The test is the Hosmer-Lemeshow test because of the use of the real-
valued variables. The Hosmer-Lemeshow goodness of fit chi-
square test divides the data into 10 cells and compares the observed
and predicted frequencies for these cells. The cells are defined using
the predicted frequencies (DeMaris1992 , BMDP ... 1992).

logistic regression equations were constructed
with seven independent variables (Appendix).
Because the results of these analyses were poor-
er than those of analyses using significant varia-
bles, the results are reported using only models
with significant variables. The final model con-
sisted of significant variables with P-values low-
er than 0.20 (BMDP... 1992).

The most significant variable in modelling the
choices of the taxation basis was the forest taxa-
tion index (Index) and it was the included in
both models (Tables 2a and 2b). In modelling
the first choice, the other variables of the model
were “intention to cut timber during next three
years” (Cu9395) and “age of landowner” (Age)
(Table 2a). In modelling the second choice,the
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significant variables included in the model, in
addition to forest taxation index, were “marginal
taxation rate” (Rate) and “intention to cut timber
in the near future” (Cu9395) (Table 2b). The
occupational status of the landowner (farmer vs.
non-farmer), the area of the forest holding, and
the average cuttings of the past S-year period did
not significantly influence the choice (Appen-
dix).

Were the landowner to double the cutting of
timber during the transition period, i.e. forest
taxation index increases from 1 to 2, the odds of
choosing SPT (m/(1-m)) would increase by
more than 200 % in the first-choice model, and
over 130 % in the second-choice model. A one-
unit increase in the tax rate would decrease the
odds by 3.0 % in modelling the second choice.
Furthermore, the log-odds were observed, in both
models, to be very sensitive to the intention to
cut timber during the next three years.

4.2 Comparison between Logistic Regres-
sion and Neural Networks

The performance of logistic regression and neu-
ral networks was compared by using seven cross-
validated data sets. Moreover, comparisons were
made between models with seven independent
variables (Appendix 1) and with three signifi-
cant variables (Tables 3 and 4). Because the
results of the models with three variables were
better both in logistic regression and in neural
networks, only these results are reported.

In the first choice (before calculations), logis-
tic regression predicted 72 % of the cases cor-
rectly (Table 3), while neural networks predicted
only 64 % of landowners’ choices correctly. Both
methods gave better results in predicting the
choices favouring SPT. The proportions of the
correctly predicted choices were 75 % in logistic
regression, and 69 % in neural networks.

In modelling the second choice (after calcula-
tions), the proportion of correctly predicted choic-
es was 7 percentage units higher for logistic
regression than for neural networks (Table 4).
As was the case with models for the first choice,
both methods gave better results in predicting
the choice of SPT than the choice of RIT: of the
predictions of choices favouring RIT as the sec-
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Table 3. Summary of the modelling of the choice before calculations. SPT = Site-
productivity taxation, RIT = realized-income taxation, N = the average number of
the landowners in seven different models, Stdev. = the standard deviation of the
number of landowners in different models and % = the average percentage of the

correctly modelled choice.

Logistic regression

Modelled / actual N Stdev. o

Neural networks

Modelled / actual N Stdev. %

SPT/SPTV 12 2.27 75
RIT /SPT 4 1.95
SPT/RIT 9 275
RIT /RIT 22 2.52 71

Total 47 72

SPT/SPTV 11 5.08 69
RIT /SPT 5 5.46
SPT /RIT 12 6.87
RIT /RIT 19 6.26 61

47 64

D E.g.. the modelled choice was site-productivity taxation and the actual choice was site-productivity taxation.

Table 4. Summary of the modelling of the choice after calculations. SPT = Site
productivity taxation, RIT = realized income taxation, N = the average number of
the landowners in seven different models, Stdev. = the standard deviation of the
number of landowners in different models and % = the average percentage of the

correctly modelled choice.

Logistic regression

Modelled / actual N Stdev. %

Neural networks

Modelled / actual N Stdev. %

SPT/SPTV 21 2.06 87
RIT /SPT 3 1.57
SPT/RIT 15 3.95
RIT / RIT 19 3.69 57

Total 58 69

SPT/SPTV 16 5.82 66
RIT /SPT 8 5.87
SPT /RIT 14 1058
RIT /RIT 20 1039 60

58 62

1) E.g.. the modelled choice was site-productivity taxation and the actual choice was site-productivity taxation.

ond choice, 66 % were correct for neural net-
works, and as many as 87 % were correct for
logistic regression.

In the modelling the two choices, the standard
deviations of the numbers of landowners in dif-
ferent classified groups were higher in model-
ling with neural networks than with logistic re-
gression. Moreover, the standard deviations were
higher in modelling the second choice than the
first choice. The standard deviations were also
higher in estimating the choice of RIT than of
SPT (Tables 3 and 4).

The analysis of the classifications of logistic

regression and neural networks was done using
t-tests. In the analyses, the difference between
the numbers of landowners in each class was
tested between the two methods (e.g. for the first
choice, both the actual and predicted choices
were SPT in both methods). Differences at 5 %
significance level were observed between the
classes with the second choice being SPT (Table
4).
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5 Discussion

5.1 Predicting the Choice of Forest Taxa-
tion Basis

In this study, in the comparison between logistic
regression and neural networks, logistic regres-
sion produced better results in modelling both
choices. On average, logistic regression predict-
ed nearly 70 % of the choices correctly, while
neural networks fared almost 10 percentage units
worse. In all the models applied, the choice of
site-productivity taxation was predicted more
correctly than the choice of realized-income tax-
ation. This can interpreted in two ways: either
the landowners were more certain about their
choice of SPT, or they intended to cut timber
considerably more than the level of cuttings where
the profitability of the forest taxation basis chang-
es.

Cross-validation was used to increase the reli-
ability of the results obtained. In modelling, both
data sets were randomly divided into seven train-
ing sets and seven test sets. The standard devia-
tions of the correctly and incorrectly estimated
choices for neural networks were higher than for
logistic regression equations. Thus, compared to
logistic regression, neural networks are more sen-
sitive to the division of data into training and test-
ing sets. Had the data set been divided only once,
the results for neural networks would have varied
markedly with a relatively small number of ob-
servations. The reliability of the results provided
by neural networks could be improved by increas-
ing the number of observations in the analyses.

According to the y? values obtained, the logis-
tic regression model performed better in model-
ling the first choice than the second choice. It
can be assumed that landowners with a strong
opinion on the preferred, but not always the opti-
mal, forest taxation basis in the first inquiry did
not change their opinion in the second inquiry —
regardless of what seemed to be the optimal
taxation system. Landowners with no opinion on
the preferred forest taxation basis in the first
inquiry were divide equally between the choices
of optimal and non-optimal forest taxation bases
in the second inquiry.

In analysing the log-odds of the independent
variables in modelling the first choice, the prob-

182

ability of choosing SPT increased when the cut-
tings during the transition period increased.
Young landowners, intent on harvesting in the
near future, chose SPT more frequently than RIT.
Furthermore, in modelling the second choice,
the probability of choosing SPT increased when
the planned harvest rates increased during the
transition period. Increase in the marginal tax
rate of the landowners decreased the probability
of choices favouring SPT. The results are con-
sistent with, for example, Pesonen and Risinen
(1993).

In modelling the first choices (before calcula-
tions), the factors affecting the choice of taxa-
tion basis were:

1) forest taxation index,
2) age of landowner, and
3) intention to cut timber during the next three years

Respectively, the significant factors in model-
ling the second choice (after calculations) were:

1) forest taxation index,
2) estimated personal marginal tax rate in 1991, and
3) intention to cut timber during the next three years.

The most important variable affecting the choice
of forest taxation basis was the forest taxation
index. The connection between timber manage-
ment strategies and the choice of forest taxation
basis has been reported by Pesonen (1995) and
Pesonen et al. (1995). The choice of forest taxa-
tion basis is part of the strategic decision making
of NIPF landowners. According to the results,
most landowners were aware of the most impor-
tant factor affecting the optimal choice, i.e. first
they chose the preferred timber management strat-
egy, and after that, the suitable forest taxation
basis. Also, the connection between intention to
cut during the next three years and the choice of
the forest taxation basis was apparent, i.e. for
landowners with no intention to cut during 1993—
1995, the probable choice was RIT.

In general, the characteristics of landowners
did not demonstrate any marked connection with
the choice of forest taxation basis. The landown-
er’s age was proven to be slightly significant in
modelling the choices before any information
was produced about the economic consequences

Pesonen, Riisinen and Kettunen
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of alternative taxation bases for the transition
period. It is inevitable that during the life cycle
of NIPF landowners, the strategic goals will vary.
Furthermore, Kuuluvainen and Salo (1991) have
reported that age is a significant variable when
analysing the timber supply and life cycle har-
vest of NIPF landowners.

The intention to cut timber during the years
1993-1995, the estimated personal marginal rate
in 1991, and the forest taxation index, all of
which affected the optimal choice of the forest
taxation basis, were more significant in the mod-
elling of the second choices, i.e. after NIPF land-
owners had been shown information about the
economic consequences of their choices. In the
modelling of the second choice, the landowner’s
marginal tax rate was more significant than in
the models for the first choice. In addition, the
non-economical factors lost their significance in
modelling the second choice. In that sense, the
calculations increased the economic conscious-
ness of the landowners.

The material used in this study was somewhat
limited in terms of the point in time when the
inquiry was conducted. At the time as the mate-
rial was collected, the summer of 1993, the final
decisions of concerning the forest taxation basis
for NIPF landowners were not known. In addi-
tion, the final data sets used were quite small,
consisting of only 147 and 193 NIPF landown-
ers respectively. The accuracy of the models
could have been improved with the use of final
and actual choices and larger sample sizes.

5.2 Conclusions

In this study, logistic regression predicted the
choice of forest taxation basis more accurately
than did neural networks. Logistic regression
gives good possibilities for quantifying independ-
ent variables and their influence on the depend-
ent variable. In general, the modelling of NIPF
landowners” behaviour is considered to be a mul-
ti-dimensional problem with few possibilities for
developing accurate models (e.g. Pesonen et. al.
1995).

In further studies, it is important to study land-
owners’ behaviour during the transition period.
There are numerous possibilities for comparing

landowners who chose site-productivity taxation
with those who chose realized-income taxation.
Furthermore, other interesting issues for study
would be the possible differences in the future
timber cutting behaviour of landowners, and the
effects that the Finnish forest taxation reform
has on the future supply of timber from NIPF
landowners. Moreover, an essential matter to find
out is the division of potential, allowable cut
between landowners differentiated by their choice
of forest taxation basis.

After obtaining the actual choices of forest
taxation basis, the possible differences in the
distribution of the choices in different parts of
Finland could be clarified. If the choices vary,
the crucial subject to study would then be the
reasons for this variation.

In the future, it will be possible to test other
machine learning techniques, e.g. genetic algo-
rithms, in modelling the choice of forest taxation
basis. As an example of alternative machine learn-
ing approaches, Pesonen et al. (1995) modelled
the NIPF landowners’ choices of timber man-
agement strategies using a genetic algorithm.
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Appendix. Logistic models for the choices of forest taxation basis before
and after calculations with secen independent variables.

Before After
calculations calculations

Variable Beta Coeff./SE Beta Coeff./SE
Intercept -2.6360 -1.67 -1.0930 —0.98
Age —0.0233* -1.41 -0.0169 —0.86
Farmer 0.2655 0.58 0.1287 0.363
Area -0.0019 —0.58 —0.0001 -0.02
Cuttings -0.0972 —0.94 —0.0308 —0.40
Cu9395 1.9520** 1.80 1.2380*** 2.11
Rate -0.0126 0.81 —0.0293*%** 248
Index 1.1420%** 3.87 0.8242%** 3.70
j ke 6.047 14.621

Df 8 8

N 147 193

*** denotes significance at 0.05 level

** denotes significance at 0.10 level

*  denotes significance at 0.20 level

1 The test is Hosmer-Lemeshow test because some of the variables are continuous. The Hosmer-
Lemeshow goodness of fit chi-square test divides the data into 10 cells and compares the
observed and predicted frequencies for these cells. The cells are defined using the predicted
frequences (DeMaris 1992, BMDP... 1992).
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