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A B S T R A C T

Machine learning is becoming increasingly important in environmental decision-making, particularly in forestry.
While forest-owner typologies help in understanding private forest management strategies, they often overlook
owners’ relationships with technology. This is crucial for ensuring that data-driven advancements in forestry
benefit society. Using Swedish forestry policy as a case, we applied Q-methodology to explore forest owners’
perceptions of machine learning. We conducted 11 qualitative interviews to generate 33 statements, which were
then ranked by 26 participants. Inverted factor analysis identified four ideal-type perceptions of machine
learning, interpreted through self-determination theory. The first perception views machine learning as un-
helpful and socially disruptive. The second sees it as a complement to forest governance. The third expresses no
strong opinions reflecting a relative disengagement from forestry. The fourth considers it essential for decision-
making, particularly for absentee forest owners. The extracted perceptions align with existing forest owner ty-
pologies when it comes to reliance on others and willingness to take advice. The discussion includes concrete
policy recommendations, focusing on privacy concerns, educational initiatives, and strategies for communicating
uncertainty.

1. Introduction

Technology is playing an increasingly vital role in environmental
decision-making, with machine learning (ML) emerging as a key tool
due to advances in computing power. In forestry, ML techniques are
being applied to improve decision-making in areas such as road network
planning, risk management, and water-ditch management (Mohtashami
et al., 2023; Busarello et al., 2023). These technologies are intended to
be integrated across various decision-making levels, including policy-
making, policy implementation, and support for individual forest
owners, potentially transforming forestry practices and policies
(Skogsstyrelsen, 2023). This transformation is significant, especially in
Europe, where a large portion of forests is privately owned, and the
actions of these owners are crucial to achieving political and environ-
mental goals. However, private forest owners are not a homogenous
group, and little is known about their relationship with new technolo-
gies, particularly ML. Although there is optimism about ML’s potential
in environmental decision-making, there is a gap in understanding how
individual forest owners perceive and adopt these technologies (Galaz
et al., 2021; Wreford et al., 2021).

Research by Bergdahl et al. (2023) suggests that self-determination
theory (SDT), with its focus on the psychological needs of compe-
tence, autonomy, and relatedness, may help explore individuals’ per-
ceptions toward new technologies. In this context, it is crucial to
consider private forest owners in the development and implementation
of ML in forestry (Li et al., 2021). Sweden, with its significant share of
Europe’s forests and diverse group of forest owners, serves as a valuable
case study. The Swedish state has invested in ML as part of its envi-
ronmental goals for forestry (Näringsdepartementet, 2022; Skogforsk,
2021), making it an ideal context to explore two key research questions:

(1) How do Swedish individual forest owners perceive ML in
forestry?

(2) How can these perceptions be interpreted through the lens of self-
determination theory?

Hence, through interviews and a Q-methodological survey, the aim
of this study is to understand private forest owners’ perceptions of ML in
Swedish forestry, using SDT as a framework.

Sweden’s forest policy is based on the principle of "freedom under
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responsibility," where landowners are expected to manage their forests
in line with minimal legal standards while voluntarily exceeding them
for conservation purposes (Appelstrand, 2012; Eriksson and Sandström,
2022). State steering primarily involves voluntary measures such as
informational campaigns and advisory services. Critics argue that
although the current governance model aims for balance, it prioritizes
economic considerations over environmental ones. They also contend
that cognitive burdens and uncertainties in decision-making hinder the
adoption of more sustainable practices. (Beland et al., 2017; Benley
et al., 2021). The Swedish government has acknowledged the need to
provide forest owners with better information, including ML-generated
digital knowledge bases that can guide environmentally friendly forestry
practices (Näringsdepartementet, 2022; Lidberg, 2023).

In a law proposal (Prop.. 2021/22:58) the Swedish government saw
it as their responsibility to provide “geographic information about nat-
ural values to identify objective conditions in nature” to forest owners
(Prop.. 2021/22:58, p. 37). A government mission to the Swedish
forestry agency (SFA) and the Swedish Environmental Protection
Agency (SEPA) (Näringsdepartementet, 2022) then ensued. The
agencies were tasked with developing “Digital knowledge-bases”
showing “probabilities of different forest values” so as to facilitate forest
owners’ environmental considerations. It was also stated that these
knowledge bases are important in the governing bodies administrative
work. One form of digital knowledge bases are maps. These maps show,
for example, probabilities of wet areas, probabilities of forest damages,
and ditches-and streams calculated with the help of ML-techniques
(Lidberg, 2023, Skogsstyrelsen, n.d.). They are readily available for
the public, including forest owners and are used by the authorities in
their administrative work. There is thus a political expectation that their
use will result in more environmentally friendly forestry planning
(Näringsdepartementet, 2022; Näringsdepartementet, 2019; Skogforsk,
2021). ML has become part of policy implementation within the context.
Policy implementation, meaning here, deliberate actions taken by a
government authority with the intention of reaching a set policy goal.
The goal needs to be realized through changing the actions of individual
forest owners. It is then important to understand ML as part of a larger
governance scheme, rather than as an isolated phenomenon.

Previous research has shown that forest owners respond differently
to forestry policies, and various typologies have been developed to
explain these differences (Ficko et al., 2019; Ekström et al., 2024).
Hujala et al. (2007), (2009) identified three types of forest owners,
“independent managers,” “active learners,” and “trusting realizers”,
who have different approaches to receiving decision support. What
differentiates these groups is how much they trust the advice of others,
versus their own knowledge. As previously explained, there is hope that
ML-tools will be used in decision making and these results give insight
into how forest owners relate to decision-support. ML-tools introduce
new dimensions that might affect how individual perceive the “advice”
coming from ML, such as the relationship to technology, trust in the
provider of the technology, the forest owner’s own experience and
expertise.

However, the relationship between forest owner typologies and
technology has been underexplored, with few studies addressing how
these owners engage with technological tools like ML. Wreford et al.
(2021) found that some forest owners have limited access to technology,
influenced by socio-economic factors. Sousa-Silva et al. (2016)’s study
deals with the relationship between technological knowledge and forest
managers for tackling climate change. Their results points towards forest
manager’s seeing technological knowledge as increasingly important for
adapting to climate change. This technological dimension of forest
ownership is becoming increasingly important both in the Swedish and
European context as previously discussed, and worldwide as big data
and AI are becoming increasingly important in environmental decision
making (Kim, 2024; Li et al., 2021). Outside of the forest-owner typol-
ogy literature, research on the forest owner’s relationship to ML is
sparse. While not dealing with perceptions per se, an example comes

from Rinaldi and Jonsson (2020) who explicitly include model mistrust
in their theoretical framework for understanding decision making under
uncertainty with the help of decision support systems.

1.1. Theoretical framework

The following section introduces self-determination theory (SDT)
and exemplifies its applicability to understanding the context of Swedish
forestry and ML-perceptions.

SDT addresses how three fundamental human needs – for autonomy,
competence, and relatedness – are satisfied in each context, and how
those contexts either support or obstruct those needs (Deci and Ryan,
2000; Ryan and Deci, 2017; Ryan and DeHaan, 2023). SDT has already
been applied to understand public policy (Aknin &Williams 2021; Ryan
and DeHaan, 2023, p. 246) and, in the current study, offers a lens for
understanding the perceived effects of deploying ML in the context of
forestry. Social and environmental changes, such as the adoption of new
technologies, can impact individuals’ feelings of autonomy, compe-
tence, and relatedness (Ryan and DeHaan (2023). Cascio and Mon-
tealegre (2016) discuss SDT and its relationship to technology and
human well-being and offer several examples of when technology
thwarts these needs, leading to perceptions of oppression and loss of
trust. SDT is thus helpful in understanding perceptions of ML. Past
studies have used SDT to elucidate the motivations behind agricultural
practices (Garini et al., 2017), assess the effectiveness of policy in-
terventions in forestry (Léger-Bosch and Chervier, 2023) and attitudes
towards artificial intelligence (Latikka et al., 2023). SDT has also served
as a theoretical foundation for previous Q-method studies (Wang and
Lewis, 2022).

Relatedness refers to how procedures and interaction inform an in-
dividual about their standing in a social group. This applies to both re-
lationships between people and those between governing authorities
and people. Vainio (2011) showed that institutional legitimacy and fair
treatment was important for forest owner’s acceptance of decisions and
Jakobsson stressed the importance of dialogue among forest owners and
environmental- and state organizations to decrease conflicts (Jakobsson
et al., 2021). Hence, understanding how deploying ML is perceived to
affect how individuals relate to each other and their forests is central to
understanding its potential effects in this context.

Competence refers to a person’s need to feel effective and capable in
their interactions with the environment. Competing demands for envi-
ronmental protection and production place high demands on forest
owners’ competence as they make management choices (Löfmarck,
Uggla, and Lidskog, 2017; Uggla, 2018). Competence could also be an
issue for long-distance owners (sometimes called: absentees), an
ownership category that has increased (Skogskunskap, 2024). ML is
potentially helpful in allowing management decisions to be taken from
afar (see Bergstén and Keskitalo, 2019). ML thus has the potential to
increase feelings of being effectiveness for certain groups of forest
owners.

Autonomy, the ability to make choices on one’s own behalf, is argued
to be fundamental to well-being (Frey, Benz, and Stutzer, 2004; Deci and
Ryan, 2012; Freundt, Herz, and Kopp, 2023; Léger-Bosch and Chervier,
2023) In the context of Swedish forestry, the legal framework theoret-
ically gives forest owners a high degree of autonomy. However, the
reality of such autonomy has been called into question (Löfmarck,
Uggla, and Lidskog, 2017; Uggla, 2018; Follo et al., 2017). Danley also
points out that cognitive burdens and uncertainties is hindering even
environmentally minded owners from more environmentally focused
management practices. ML is then a potential tool for increasing the
autonomy of such forest owners (Danley, 2019).

We then suggest that an individual’s perception of ML is influenced
by three evaluations: Do they perceive ML to change the range of actions
available to them (autonomy); does it change their ways of interacting
with and being appreciated by others (relatedness); and does it enable or
hinder them from achieving autonomously set goals (competence)?
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2. Material and methods

2.1. Overview of Q-methodology

Q-methodology is an approach to the study of subjectivity. It makes
use of Q-sorts which are collections of statements about a particular
topic that participants rank on a subjective dimension such as agree/
disagree. The statements are prepared by the researcher utilizing various
strategies (McKeown and Thomas, 2013). Through the Q-sort, each
participant provides a model of their perception of the topic. The Q-sorts
are then subjected to a by-person factor analysis, where the extracted
factors signify a group of people who have similar perceptions on the
topic (Watts and Stenner, 2012). The factors can thus be said to repre-
sent shared ways of thinking about the topic, and they are then inter-
preted qualitatively. Q-methodology has been employed to investigate
subjective perspectives on public manager’s perception of big data
(Guenduez et al., 2020), forestry management (Barletti, Cronkleton, and
Vigil, 2022) and perceptions of artificial intelligence in various public
domains (Ezzeddine, Bayerl, and Gibson, 2023; Jeffares, 2020). The
results of Q-method will allow us to group different forest owner’s
perceptions of ML and how it is perceived to influence their lived
context.

The following sections will explain the approach taken, also sum-
marized in Fig. 1.

2.2. Statement collection and content

In this study, the statements which respondents were asked to rank
were gathered through semi-structured interviews guided by an

interview protocol (appendix 1). We conducted 11 online-interviews
with forest-owners across Sweden over the course of three months
(April to June 2023). We started the interviews with open-ended ques-
tions regarding sentiments about forest policy in Sweden, the use of
technology, and the owner’s relationship to their forest. Next, the re-
spondents were given a demonstration and explanation of an available
ML tool, the SLU Soil Moisture Map (SLU, n.d). We then asked them
about the usefulness of the tool and potential difficulties for them
themselves to apply it to their own forestry practices. We then prompted
the respondents to speculate regarding the consequences of increased
use of ML would have in forestry. The interview ended with the question
if the respondents had anything to add.

The interviews were then transcribed, and respondents then read
through and approved the final transcripts. The analysis of interview
data was deductive in the sense that the three notions of competence,
relatedness, and autonomy were used to structure the analysis. Through
an iterative process, answers were manually coded into the categories of
relatedness, autonomy, or competence using the software “Taguette”
(Rampin and Rampin, 2021). With the coding done, we had several
examples of how ML and other factors was perceived to affect forest
owner’s autonomy, competence, and relatedness. These examples were
then used to create the statements (short sentences containing an
opinion) to be used in the Q-set. Sentiments expressed by interviewees
that did not unambiguously fit into these categories but that we deemed
to be relevant to understand an individual’s perception were put into a
separate “other” category. The “other” category also included Q-state-
ments which captured sentiments about the general political context of
forestry in Sweden which were also recurrent in the interviews. The
statements were looked over and discussed by the researchers, certain

Fig. 1. Visual representation of the approach taken.

Table 1
Factor characteristics. Eigenvalues >1 and at least 2 loaded sorts were used as selection criteria.

Factor characteristics.

Average Reliability coef Loaded sorts Eigenvalues Explained variability Composite reliability Factor scores SE

Factor 1 0.8 8 5.60 21.54 0.97 0.17
Factor 2 0.8 4 2.75 10.59 0.94 0.24
Factor 3 0.8 5 3.63 13.95 0.95 0.21
Factor 4 0.8 3 2.08 8.03 0.92 0.28
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Q-statements were edited for clarity or due to being too like other
statements in the set. A total of 33 different statements were “extracted”
from the interviews. See Table 2 for a full list of statements.

2.3. Participants and sorting procedure

After constructing representative statements from the interviews, we
invited respondents to sort the statements using a Ken-Q analysis soft-
ware (Banasick, 2019) that was hosted on a web server. The Swedish
Land survey was asked to provide a sample of forest owners, with equal
proportions in terms of gender, size of forest owned (small (<10 ha),
medium (10–100 ha), large (>100 ha)), and geographical location.

The web link to the Q-sort was sent directly to 200 of these forest
owners and posted to selected social media groups relating to forestry.

The 200 forest owners approached directly by letter were selected
using strategic sampling (Watts and Stenner, 2012), to include a range of
participants who relate to forestry differently rather than a representa-
tive sample. Selection criteria included gender, geographic location, and
size of forest. These selection criteria were chosen due to gender,
geographic location and size are common variables affecting manage-
ment practices and relationship to one’s forest (Follo et al., 2017, Mulu
et al., 2022)

The Q-sorting procedure went as follows: the first page contained
information about the research project, how data would be managed,
and contact information for the responsible researcher. The respondent
was also asked to watch a 3-minute video explaining an ML application
in forestry, like the demonstration we held in the interviews. The second
page showed the statements, and the respondent was asked to do a
preliminary sorting of these, placing each statement into a disagree,
neutral, or agree pile. This was done for all 33 statements. On the next
page, the respondent was asked to drag and drop the statements into a
quasi-normally distributed grid for a more fine-grained sort, ranging
from do not agree to fully agree. The final page consisted of de-
mographic questions about the respondent, such as gender, size of forest
and whether they live on their land permanently.

2.4. Approach to statistical analysis and factor extraction

Of the 200 letters that were sent out, 26 respondents went through
with the Q-sort. These Q-sorts were correlated, and the ensuing corre-
lation matrix was subjected to a by-person factor analysis using Zabala
(2014)’s Q-methodology package for the R programming language. Two
criteria were used to decide on the number of factors to extract. Ei-
genvalues capture the amount of common variance contained by a factor

Table 2
The factor array. This is a single ideal-typical Q-sort for each of the ensuing
factors.

The factor array is a single ideal-
typical Q sort for each factor (Z-
scores are reported in parenthesis).

Factor 1 Factor
2*

Factor 3 Factor 4

1. The state interferes too much in
forestry

3
(1.43)

4
(1.27)

− 4
(− 1.64)

2
(0.57)

2. Freedom with responsibility
mostly entails responsibility

1
(0.47)

2
(0.81)

− 2
(0.66)

− 1
(− 0.05)

3. I am dependent on someone else
when making decisions about my
forest

− 4
(− 1.46)

1
(0.58)

− 2
(− 0.82)

4
(1.41)

4. There is a risk of becoming TOO
technology-dependent in forestry
management

− 1
(− 0.55)

0
(− 0.01)

1
(0.32)

− 2
(− 0.84)

5. I lack the prerequisites for using
the AI map**

− 3
(− 1.25)

0
(0.32)

1
(0.62)

− 4
(− 1.78)

6. The AI map does not help me
achieve my forestry objectives

− 2
(− 0.80)

1
(0.66)

0
(0.14)

− 3
(− 1.10)

7. When authorities use technology,
I have less voice in the proceedings

3
(1.17)

2
(0.73)

− 1
(− 0.39)

1
(0.41)

8. It is important to be physically
close to your forest

2
(0.89)

3
(1.22)

4
(1.84)

0
(0.13)

9. The state does NOT respect me as
a forest owner

0
(0.18)

− 1
(− 0.03)

− 5
(− 1.82)

1
(0.35)

10. The existing support mostly
benefits other forest owners who
own a lot of forest.

− 1
(− 0.56)

3
(1.17)

3
(1.09)

− 2
(− 0.41)

11. There is too little dialogue
between forest owners and
authorities

1
(0.42)

− 4
(− 1.68)

1
(0.46)

0
(0.22)

12. All government decisions on
forests are taken over my head

2
(0.97)

5
(1.42)

− 3
(− 0.89)

1
(0.46)

13. If an authority makes a bad
decision about my forest – the case
will be resolved

− 4
(− 1.54)

2
(0.84)

1
(0.16)

− 5
(− 1.96)

14. Supervision is necessary to
achieve forest policy objectives

− 2
(− 0.81)

− 2
(− 0.77)

2
(0.81)

− 2
(− 0.93)

15. It is good that information from
all forests is available to the public.

− 3
(− 1.21)

− 3
(− 1.38)

2
(0.78)

0
(0.13)

16. The AI map is a control tool - for
better or worse

0
(0.15)

− 1
(− 0.24)

0
(− 0.28)

3
(1.02)

17. I think it is GOOD that the AI
map** is available to everyone

0
(− 0.21)

− 1
(− 0.34)

3
(1.27)

2
(0.72)

18. Using technology makes me
MORE independent in my forestry
management

1
(0.42)

− 3
(− 1.13)

− 2
(− 0.67)

4
(1.42)

19. The use of the AI map by
authorities means MORE RISK than
benefit

1
(0.55)

2
(0.86)

− 3
(− 1.05)

− 3
(− 1.20)

20. The less human intervention the
BETTER

− 3
(− 1.31)

1
(0.58)

− 4
(− 1.80)

− 1
(− 0.20)

21. There is TOO MUCH to ’keep
track of’ when it comes to forestry

− 2
(− 0.72)

4
(1.26)

− 3
(− 1.24)

0
(0.18)

22. I lack the knowledge to be able
to manage the forest the way I really
want

− 5
(− 1.62)

3
(0.92)

− 1
(− 0.57)

1
(0.22)

23. I know my forest well enough
without any technical aids

0
(− 0.34)

1
(0.39)

2
(0.67)

− 4
(− 1.92)

24. Local knowledge is most
important for good forest decision-
making

4
(1.54)

0
(0.18)

4
(1.41)

− 1
(− 0.04)

25. Tools such as the AI map cannot
replace local knowledge.

3
(1.01)

− 1
(− 0.09)

2
(0.64)

0
(− 0.03)

26. Decisions based on the
probabilities presented on the AI
map are better than those based on
intuition.

− 1
(− 0.67)

− 2
(− 0.85)

− 1
(− 0.36)

3
(1.31)

27. Technology helps me to manage
my forest the way I want

2
(0.56)

− 2
(− 0.76)

− 2
(− 0.60)

5
(1.73)

28. The forest owner’s local
knowledge of their forest is MORE
VALUABLE than the information
from the AI map

4
(1.56)

0
(0.02)

3
(0.86)

− 2
(− 0.63)

Table 2 (continued )

The factor array is a single ideal-
typical Q sort for each factor (Z-
scores are reported in parenthesis).

Factor 1 Factor
2*

Factor 3 Factor 4

29. Sustainability and production
are EQUALLY IMPORTANT in forest
management

− 2
(− 0.84)

− 5
(− 2.13)

0
(0.05)

− 1
(− 0.26)

30. My forest is important for my
economic situation

2
(0.83)

− 3
(− 1.28)

− 1
(− 0.46)

2
(0.97)

31. My forest is important to me
beyond economics

5
(1.78)

− 4
(− 2.00)

5
(2.16)

3
(1.14)

32. AI tools will be of great help in
achieving the forest policy goals of
high and sustainable production

− 1
(− 0.39)

− 2
(− 0.83)

0
(0.08)

2
(0.55)

33. There is a risk that local
knowledge about the forest will
become less valuable when tools
such as the AI map are used.

0
(0.37)

0
(0.32)

0
(− 0.10)

− 3
(− 1.61)

*Factor 2 is inverted in the interpretation in the main text.
**The ML-tool shown in the introductory video is referred to as “the AI-map” for
the respondents, which is why some statements refer to “AI-map” rather than
ML.
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and we decided to keep Eigenvalues larger than 1.0. Secondly, the factor
should have at least 2 significantly loaded sorts, (p− value <.05) as this
was important for interpreting the factor. Q-sorts that load significantly
on the same factor share a similar sorting pattern and, thus, indicate a
shared perception. Q-sorts with a factor loading higher than p− value <
0.05 and Q-sorts whose square loading was higher than the sum of
square loadings of the same Q-sort in all other factors were used as
loading criteria (Zabala, 2014). With these selection criteria, the anal-
ysis was run starting with 7 factors and reduced by 1 until each ensuing
factor met the above stated criteria. Using the two inclusion criteria
discussed above (eigenvalues > 1, and at least two significantly loaded
Q-sorts), 4 factors were extracted and kept.

Centroid factor extraction with varimax rotation was used, a stan-
dard approach in Q-methodological studies (Watts and Stenner, 2012).
Varimax rotation means that each factor is rotated to maximize the
variance of the loadings for each factor, leading to a lower number of
factors extracted. This facilitates the interpretation because it makes
factors more distinct from each other by making high loadings higher
and low loadings lower (Akhtar-Danesh, 2023).

Factor arrays were then created from the extracted factors. Factor
arrays are estimates of the resulting factor’s perception and are impor-
tant tools for interpreting them. An array can be understood as
capturing: “how would the extracted factor have sorted the state-
ments?”, and it is calculated by taking a weighted average of all the
individual Q-sorts that load on that factor and that factor alone (Zabala,
2014). The array thus exemplifies the extracted factor’s perception,
based on the weighted average of the Q-sorts that loaded on the factor

(see Table 2 for the ensuing factor arrays).
The code and data for model selection and Figs. 2 and 3 are available

as an appendix.

2.5. Approach to factor and statement interpretation

Interpretation of the factor arrays was conducted using a “crib
sheet”-system (Watts and Stenner, 2012:150). This involves dividing the
items for each factor into 4 categories. Two of these comprise the most
important items, i.e. those ranked − 5 and 5, regardless of how they are
placed in the other factor arrays. The other two categories comprise the
items that were ranked higher in that factor array than in any of the
other factor arrays, and those that were lower than in any other factor
array, respectively. This ensures that interpretation of the array is ho-
listic. For each statement in each factor’s crib sheet, the authors dis-
cussed and agreed what the statement meant for that factor in relation to
the placement of other statements. Meanings were written down in short
sentences which were later used to compile the full factor interpretation,
aiming for coherence.

3. Results

The results section contains results from the interviews, statistical
analysis and the interpretations of the extracted factors. The results from
the qualitative interviews are presented below and describe how the Q-
statements extracted from the interviews reflect SDT.

Following this, the results of the statistical analysis to extract the

Fig. 2. Each Q-sort’s respective loading on each factor. The colored outlines represent flagged Q-sorts for the factor. The Y-axis contains the 26 valid Q-sorts from our
respondents. The x-axis for each factor shows the loading of each sort on that factor. Highlighted bars indicate loadings.
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factors from the Q-sorts are presented. After this, the four perception-
interpretations from the view of SDT are presented.

3.1. Qualitative interviews

The following sections explain what statements were extracted and
their relationship to SDT that resulted from the interviews.

3.1.1. Autonomy
Recurring themes included state interference and how the current

forest governance scheme forbids certain actions and thus thwarts au-
tonomy. The principle of “freedom under responsibility” came up
frequently as respondents were prompted to talk about the responsibility
placed on them. One respondent saw forest management as a forced
service conducted by forest owners for the collective benefit of society.
Thus, the actions taken are not seen by some respondents as voluntary,
despite government parlance. Another respondent disclosed that they
felt that what they valued in their forests did not necessarily resonate
with what the authorities saw as valuable, and that they lacked a voice
in these matters. Lastly, one respondent disclosed that they were
dependent on other people when taking management decisions.

It seems that respondents are apprehensive about the combination of
technology and authority over decisions which relates to their ability to
make autonomous decisions in the context of forestry. The statements
relating to autonomy thus reflected dependence on others, autonomous

action, and state interference.

3.1.2. Competence
Recurring themes relating to competence included how useful ML

could be for achieving one’s set goals, and the competence needed to use
these tools. Several respondents were positive about the potential for
taking smaller, i.e. more precise, pieces of land into consideration when
planning forestry operations. In this view, ML technology can support
competence and create opportunities to diversify forests by lowering the
costs involved in managing them accordingly.

Another theme was the knowledge that managing a forest demands,
and that the sense that existing knowledge support focuses mainly on
larger forest owners. A further recurring theme was that ML allowed
remote forest owners to manage their forests more actively at lower cost,
reducing the need to travel and be physically present on their land. Some
respondents worried that local knowledge and experience (pertaining to
both appropriate management and recreation, e.g. knowing which
walking paths are popular with the local population) would be under-
valued and disappear, leading to forests declining in quality. There was
thus a conflict dimension between forest owner’s “local knowledge” and
the ML-maps “universal” knowledge. The statements about competence
thus reflected the use of technology and ML for achieving goals, the
prerequisites for using it, and the place and use of local knowledge.

Fig. 3. Each of the statements and their Z-score. The z-scores (X-axis) indicate how much a factor “agrees / disagrees” with a statement (Y-axis).
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3.1.3. Relatedness
One theme relating to relatedness pertained to forest size and how

this influenced how important the individual was seen to be. Two re-
spondents expressed feeling that they were not considered important
enough to reaching forest policy goals to receive support from public
authorities.

Other themes relevant to relatedness included conflict between for-
est owners and “environmental activists”. One respondent expressed
worries that ML tools would allow others to criticize the way that they
managed their forests, despite having little to no contextual knowledge –
amounting to a decontextualized critique. Another theme was that these
ML maps and tools were available to the public, giving them access to
potentially sensitive information (e.g. size of timber stand).

Lastly, several respondents spoke about being respected by state
authorities. This related to the way in which official decisions have been
made without consultation, making respondents feel that they had no
voice in decision-making processes. One respondent expressed that there
was a lack of gratitude for the service that forest owners provide by
managing their forests to achieve political goals that are beneficial to all.
The statements about relatedness thus reflected “voice” in administra-
tive processes, the availability of information, and respect.

All the statements generated can be found in Table 2, translated from
the original Swedish.

3.2. Factor extraction

The factors were extracted as described in Section 2.4. It resulted in 4
extracted factors that met the retainment criteria. All but 6 Q-sorts loads
on one of the factors. Factor 1 has the most explanatory power and ex-
plains 21.5 % of the variability in the data and has 8 loaded Q-sorts.
Table 1 summarizes the factor characteristics for each one of the
extracted factors.

Fig. 2 shows the flags and loadings of each Q-sort on the respective
factors. The X-axis shows how much a sort correlates with a factor, and
whether it loaded significantly on the factor.

Fig. 3 shows the statements z-score for each factor. The item z-scores
represent how a hypothetical person representing a factor would place
the item. The factor array, Table 2, shows a weighing of the z-scores to
receive a representative sorting for each of the extracted factors,
together with the standardized Z-scored.

3.3. Four perceptions on forestry and ML from the lens of SDT

Table 2 shows the factor array for each representative Q-sort. In the
following section, the parentheses in the factor interpretations
(described in Section 2.5) can be understood as “anchors”. The anchors
show what statement placement gave us “evidence” for a particular
claim about that perception.

We extracted 4 different perceptions on ML in forestry through the
factor extraction process (described in Section 2.4).

3.3.1. Factor 1: the knowledgeable traditionalist
The knowledgeable traditionalists, who value their forest manage-

ment knowledge highly, exhibit a strong sense of autonomy and confi-
dence in their decision-making about forestry (s4: − 4, s22: − 5). Their
feelings are characterized by distrust towards public institutions,
particularly when official views conflict with their own forest manage-
ment assessments. For the traditionalist, being a forest owner is not just
about producing biomass for economic gain but is also as part of relat-
edness integral to their identity, including through recreation and
hunting (s31: +5).

Their skepticism towards ML manifests in two ways. Firstly, they
doubt its utility, expressing the belief that ’current ways of doing things’
are sufficient to meet both individual and collective societal/political
goals, (s6: − 2, s32: − 1). Secondly, they are skeptical of agencies’ use of
technology for the same reasons that they are skeptical of public

institutions interfering in their forest management. They emphasize the
significance of local knowledge, considering it highly important and
irreplaceable (s25: +3). There is a pervasive fear among traditionalists
that their expertise may not be heard and taken seriously. This percep-
tion is mingled with concerns about privacy, as evident in their strong
disagreement with statement 15 (s15: − 3).

It is important to note that their skepticism is not directed towards
technology in broader terms, as indicated by statements 27 (s27: +2)
and 18 (18: +1). Rather, they view ML as a different kind of technology
and question the usefulness of the knowledge gained from it (s24: +4,
s28: +2, s32: − 1, s26: − 1).

3.3.1.1. ML as a threat. The forest owners who load with factor 1 are
independent and perceive themselves as competent without machine
learning. ML offers little extra in affording an extra range of actions that
will help in achieving their goals (competence), made clear by S28 (+4)
and S22 (+5). Relatedness, ways of interacting and being appreciated by
others is potentially threatened (S15: − 3, S19: 1). The risk that is being
perceived is that authorities will challenge their decisions and local
knowledge more (S7: +3, S19: +1, S20: − 3), as well as more critique
from the public when information gets more easily available (S15: − 3).

3.3.2. Factor 2: the curious environmentalist
This factor is bi-polar, distinguished by three of the four Q-sorts being

flagged negatively: it is thus interpreted negatively i.e. taking the factor array
and multiplying the statement score by − 1.

The curious environmentalist is characterized by environmental
concern aligned with the belief that forests are not all about money (s31:
+4, s29: +5).

They express the belief that forest owners have a responsibility to
manage their forests sustainably. This can be seen as a political belief in
the sense of how to act in the collective best interest. Although accepting
of environmental demands in the legal framework (s1: − 4, s21: − 4)
their trust in state authority remains tempered. The curious environ-
mentalist harbors a healthy skepticism, believing that the best way to
manage their forests is sometimes different (s22, − 3, s13, − 2) to that
promoted by state authorities (s11, +4). This skepticism extends toward
large forestry actors and how they are currently managing their forests,
leading to support for state intervention and supervision (s1: − 4, s14:
+2). The curious environmentalist firmly agrees that ML can be a
complement to both state intervention and supervision (s14: +2, s15:
+3, s17: +1) and aligned with forest policy goals (s32: +2). They are
curious about the use of ML in planning their forestry operations (s6: − 1,
s23: − 1, s26: +2) and see some cases for using the technology. The
curious environmentalist is characterized by a mild techno-optimism,
asserting that technology is a good complement to their existing
knowledge of forestry management (s27: +2, s18: +3).

The curious environmentalist also feels that technology can com-
plement how forests are managed on a collective level - improving su-
pervision and the information available. The overarching view of ML
from this perception is that it is a complement to current political
steering, specifically in terms of supervision and information (s14: +2,
s15: +3), and a potential complement to innovative forest management.

3.3.2.1. ML as a complement. For the people loading on factor 2, ML
does not present itself to something revolutionary – but potentially au-
tonomy and competence enhancing. The current viewpoint sees ML as a
potential tool for the political steering of forests mostly how to govern
forests collectively. The use of ML by public authorities is perceived to
help in achieving the collective goals of sustainable forestry (s14: +2,
s15: +3, s17: +1). With ML, forestry in Sweden is perceived to become
more sustainable, creating new opportunities for alternative ways of
managing forests, thus enhancing relatedness, autonomy as well as
competence for these forest owners.
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3.3.3. Factor 3: the inadvertent forest owner
A modest average forest size of 12,6 ha set the inadvertent forest

owners apart from other factors and informed the interpretation of this
factor. Two of their most polarized statements related to non-decisions
and the modest size of their land. S31 was placed at +5, showing that,
for these forest owners, the essence of owning a forest transcended
economic gain: rather, it is about prioritizing other ecosystem services.
This perception is associated with passivity towards their ownership of
forests. Proximity to the forest emerged as a recurring theme, not just
geographical proximity but also closeness in terms of well-being and
decision-making (s24: +4, s8: +4), placing high regard on local and
human-experienced forest knowledge (s28: +3, s25+2). Curiously, the
inadvertent forest owner expressed disinterest in incorporating tech-
nology into their forest management practices (s18: − 2, s27: − 2, s6: 0),
although their reluctance to using technology or ML in forestry does not
extend to other forest owners or state authorities using it (s17: +3, s19:
− 3). They place significant trust in public authorities governing the
forest sector (s9: − 5, s1: − 4, s12: − 3, s19: − 3), and have faith in the way
that forests are governed in Sweden.

3.3.3.1. ML as nothing in particular. Passivity and high institutional
trust permeate this factor’s view on ML. Despite seeing no direct use for
it for their forest management (competence) they have no problems with
its development and application for reaching broader political goals.
Their passive acceptance of the ways in which forest-policy goals are
pursued stems from their being largely unaffected by the decisions that
are being taken. For the owners that load on factor 3, ML in forestry does
not appear to be affecting competence, autonomy or relatedness at all.

3.3.4. Factor 4: The tech-rationalist
The tech-rationalist is characterized by profound trust in technology

and notable skepticism towards state interference. For tech-rationalists,
owning forests is a strategic investment with both economic and recre-
ational benefits (s30: +2, s31: +3, s29: − 1). They acknowledge their
limited knowledge about forest management and rely on others to take
management decisions (s3: +4). However, this dependence could be
alleviated by using technology (s18: +4, s23: − 4), at which they see
themselves as adept (s5: − 4). In contrast to other factors, they place little
faith in local and human-experienced forest knowledge (s24: − 1, s28:
− 2, s26: +3) and see no risk of it being devalued through greater
dependence on ML (s33: − 3). None of the respondents loading on this
factor live close to their forest, challenging the conventional notion that
proximity equals effective forest management (s8:0).

A core tenet of the tech-rationalist perception was the conviction that
state authorities are too focused on regulating management and should
place greater trust in individual forest owners (s13: − 5, s2: +2, s9: +1,
s14: − 2). State interference is perceived as a potential threat to the value
of their forest investment, and they express a preference for autonomy in
decision-making.

To the tech-rationalist, ML and technology are seen not as a com-
plement to current forestry practices but as a prerequisite for being able
to manage forests (s23: − 4, s6: − 3, s4: − 2). In terms of the use of ML by
state authorities the tech rationalist expects it to improve how decisions
are made, reducing the risks of human error and “activism” (see: Olsson,
2009) having too strong an influence over agency decisions (s19: − 3).
They feel that anything is better than how official decisions are currently
being made (s13: − 5) and see ML as increasing the objectivity of
authoritative decision making.

3.3.4.1. ML as a prerequisite. The forest owners who load on factor 4 see
ML and its applications in forestry as a prerequisite to manage their
forests. These people are dependent on others, and ML can increase their
autonomy, reducing their reliance on others (s3:+4) to take decisions to
reach to reach their own goals. ML is thus perceived as both autonomy
and competence enhancing (s6: − 3, S18:+4, s27:+5). Coupled with this

technophilia is a distrust to forest authorities (s13: − 5). Their perception
contrasts with factor 1; where ML instead can improve their relationship
with public authorities (s19: +3), ML is perceived as potentially relat-
edness enhancing rather than hampering.

4. Discussion

Here we discuss the ensuing viewpoints in relation to the SDT, pre-
vious forest owner typologies and forestry policy in Sweden.

4.1. Connections to previous forest owner typologies

This study has shown that it is possible to systematize stakeholders’
fears, apprehensions, and hopes about ML with the help of SDT. This
approach may help to inform how ML can be integrated into the pursuit
of sustainability goals and better understand what role ML can play in
forest owner decision-making in realizing policy objectives (Bennet &
Dearden, 2014; Joshi et al., 2018).

Discussing the four extracted viewpoints in relation to SDT
Li et al. (2021) argued in this journal that citizens should be well

equipped to make good use of the data to facilitate their personal de-
cision making. This means that governing authorities are also in need of
understanding citizen’s perceptions of these technologies to be able to
inform practices and informational campaigns to increase uptake and
resolve potential apprehensions.

In our data we interpreted different ownership objectives, motiva-
tions and forest importance based on the placement of the statements.
Our results show that forest owners’ disposition towards ML in general is
not unambiguously within forestry goals typologies nor with forest-
ownership typologies (Ficko, 2019). This suggests that variance found
in the disposition to ML is related to other factors of being a forest
owner.

Our results resonate particularly Hujala’s et al.’s (2007; 2009) de-
cision making and advice-taking typologies. What Hujala et al. (2009)
called “trusting realizers”, forest owners who feel like they know little
about managing forests and strongly reliant, still actively seek useful
guiding information. The researchers’ description of the “trusting real-
izer” resonates well with how we interpreted our “tech-rationalist”
grouping – as does the demographical information we have (dominated
by far distance owners). For both trusting realizers and our factor 4 – it is
autonomy and competence that is lacking. This is translated into looking
for information from ML as it is potentially autonomy and competence
enhancing.

Hujala’s (2009) grouping “independent managers” described as not
being in need for guiding information and heavily relies on their own
experience. This grouping also resonates well with how we interpreted
our first factor “the knowledgeable traditionalist”. For these groupings,
neither competence nor autonomy is lacking. The introduction of new
technology and potential new ways of looking at forest knowledge risks
de-valuing their own knowledge and experience. It is clear then that
forest owner groupings’ relationship to technology is important in the
increasingly datafied planet (Wickberg et al., 2024), and our results are
one step closer to systematizing how forest owner’s perceptions of
technology can be systematized with the help of SDT.

SDT was particularly helpful in uncovering the reasons behind per-
ceptions, which may inform subsequent actions to inform about what
citizens find unacceptable with these new technologies and how to
maximize public utility while achieving policy goals (Li et al., 2021,
p.245).

4.2. Implications for policymaking

Sweden’s current forestry policy is being influenced by the devel-
opment of machine learning (ML) tools and other forms of "digital
knowledge." Danley previously examined the limitations of the
"freedom-under-responsibility" principle, suggesting that within the
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existing voluntary framework, reducing the costs of sustainable prac-
tices for non-industrial private forest (NIPF) owners could enhance
governance effectiveness (Danley et al., 2021). The developed ML-tools
can be an asset to forest owners to promote sustainably management
decisions, as it reduces the costs associated with mapping out natural
values. Coupling ML-tools to already existing consultation-services to
create value is one way in which these digital forest knowledges are
expected to create outcomes. However, this relies on the assumption
that NIPF owners are willing to engage with these consultations and
recognize the advantages of digital knowledge. Therefore, it is essential
to evaluate not only perceptions towards technology but also the
broader social context in which these tools operate.

A report from the Swedish Forest Agency (Skogsstyrelsen, 2023/12,
p.56) highlights the need for more knowledge on how to evaluate ma-
chine learning-generated maps from the perspective of forest owners.
The current study provides one such approach. The results suggest that it
is not only the actions that the ML-tools affords (competence), but also
its perceived effects on autonomy and relatedness that shapes the forest
owner’s perception of the ML-tools. Some concrete suggestions also
result from seeing the factors from the perspective of SDT.

Privacy was a recurring worry for autonomy and relatedness
particularly for factor 1 and 4. A potential improvement is to only allow
registered users to access the maps – or to allow individual owners to opt
out their land.

Factor 2’s perception of ML was contingent on competence
enhancing and potential for collective steering of forests that the ML-
tools affords. These results suggest that in consultation and educa-
tional measures, strengthening the connection between environmental
goals and forest management and how theseML-tools can facilitate these
is necessary.

As for factor 4, who sees technology as a prerequisite for their de-
cision making in forestry, it may be advisable to communicate the limits
of the technology, and the uncertainties involved in using it. ML tools
can increase autonomy, which is particularly useful for urban forest
owners, but being open about its limits would allow people who share
this perception to calibrate their degree of trust in the technology
appropriately. This information should be readily available on websites
and even the UI of the maps, as people who load on this factor are un-
likely to accept consultation from the SFA.

4.3. Methodological considerations

While Q-methodology offers an in-depth understanding of the per-
ceptions of a particular pool of respondents, no conclusions can be
drawn as to how representative or widespread these perceptions are
across the general population of forest owners in Sweden. Q-method is
not interested in taking “head counts” of existing perceptions, but rather
understanding and explaining these perceptions. In deciding when to
stop collecting Q-sorts, this study followed Watts & Stenner (2012)’s
guideline of having “fewer participants than the number of statements”
(p. 71).

While Q-methodology enables interpretations to be anchored in the
factor array’s ranking of statements, some placements were nonetheless
ambiguous, for instance the placement of s20 by factor 3. We interpreted
it as the view that humans should be part of governing forests towards
environmental goals or indeed very active forest management methods
such as continuous cover forestry, based on the placement of other
factors that point to the precedence of environmental protection over
timber production by the factor-perception. Another potential inter-
pretation of the statement is that technological knowledge should take
precedence over human knowledge in environmental planning. The
latter interpretation did not resonate as well with the other statements.
Such ambiguous cases were rare and, where they arose, they were
interpreted so that the perception was as coherent as possible with the
placement of other statements.

The coherence between the results of the interviews and of the

statistical analysis in this study suggest that the approach taken was
valid. It shows that the perceptions of interview respondents clearly
resonate with one or more of the perceptions that emerged and that the
themes emerging from the interviews resonated with the ensuing fac-
tors. It also shows that SDT is helpful in categorizing and understanding
perception towards ML within this context. It has been claimed that SDT
is applicable to any geographical or cultural context (Ryan and DeHaan,
2023:1152). Thus, while the result of this study is bound to Swedish
forestry and our P-sample, the approach taken in this study could be
fruitfully applied in other contexts to address concerns that individuals
might have.

It should be noted that the perceptions interpreted are ideal types
that emerged from the factor analysis, and thus that individuals may
agree with them to varying degrees.

5. Conclusion

The application of ML in forestry management in Sweden and else-
where presents both opportunities and challenges. We extracted 4
different perceptions of ML in forestry from our collected data. These
highlight the complexity of integrating ML into forestry practices. While
some forest owners see ML as a valuable tool that can enhance their
autonomy and competence, others express skepticism, fearing potential
effects for their privacy and the devaluation of local knowledge, a threat
to relatedness. SDT allowed categorizing and analyzing the sorted
statements as well as the shared perceptions of ML in the context of
Swedish forestry.

It is important for policymakers to understand these diverse per-
ceptions and address the concerns raised if the goal is for these tools to
be used for social good in forest owner decision making. This could
involve measures to protect forest owners’ privacy or providing clear
information about how ML can assist in sustainable forest management.
The results of this study are particularly helpful when considered to
previous research on forest owner typologies. The results show that
forest owner typologies, particularly those relating to information
seeking and advice taking resonates with the extracted perceptions of
ML. It allows policymakers to better understand reactions and reasons
for uptake among a diverse group of forest owners.
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naturvården i skogen med frivillighet som grund. https://www.regeringen.se/
rattsliga-dokument/proposition/2021/11/prop.-20212258/.
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