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Background. Although quite a few classi! cations of coping strategies have been 
proposed, with di" erent premises, much less is known about the methods of in-
terpretation and how people using di" erent types of coping perceive their life dif-
! culties.

Objective. To develop a veri! able algorithm for classifying perceived di#  culties. 
$ e proposed classi! cation was developed deductively, using “approach–avoid-
ance” as the basis for cognitive activity aimed at taking on (approaching) a di#  cult 
situation or escaping from it, avoiding a solution to the problem. $ e classi! cation 
comprises 1) driven, 2) maximal, 3) optimal, 4) ambivalent, and 5) evasive types of 
perception of di#  cult life tasks (DLTs). Types 1, 2, and 3 correspond to approach-
ing a di#  cult situation, and 5 to avoiding it. Type 4 involves a combination of ap-
proach and avoidance.

Design. $ e type is determined by an expert psychologist in a complex way, 
based on a combination of 1) the respondent’s pro! le according to the “Types of 
Orientations in Di#  cult Situations” questionnaire (TODS) and 2) features that are 
signi! cant for the type as shown in qualitative data — descriptions of DLTs (an-
swers to open questions). Machine learning methods and A.S. Podkolzin’s com-
puter modeling of logical processes are used to develop the algorithm. $ e sample 
comprised 611 adult participants (Mage = 25; SD = 5.8; 427 women).

Results. Using machine-learning algorithms, various options were tested for 
separation into classes; the best results were obtained with a combination of mark-
up and questionnaire features and sequential separation of classes. Using computer 
modeling of logical processes, classi! cation rules were tested, based on the psy-
chologist’s description of the features of the type of perception. $ e classi! cation 
accuracy using these rules of the ! nal algorithm is 77.17% of cases.

Conclusion. An algorithm was obtained that allows step-by-step tracing of the 
process by which a classi! cation problem is solved by the psychologist. We propose 
a new model for studying situational perception using a mixed research design and 
computer-modeling methods.
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Introduction
$ e development of typologies for the psychology of coping is a signi! cant trend in 
current research. Such typologies are important because they allow us to general-
ize the di" erent ways that people interact with stressful (and di#  cult) situations, as 
well as to develop evidence-based recommendations for psychological care. In this 
paper, we present a typology that is based on quantitative and qualitative data and 
allows us to describe people’s conceptions of coping in the structure of a perceived 
situation.

C l assi! cations in the Psychology of Coping
Considering the development of views on types of coping, we can identify various 
approaches to classi! cations and their justi! cation. In earlier studies, the main ques-
tion involved a search for the structure of coping. $ at is, solutions were found to the 
tasks of describing a) the features that make it possible to systematize lists of coping 
strategies, and b) levels of the coping structure (Pearlin & Schooler, 1978; Skinner 
et al., 2003).

 A mong the best-known premises used in the deductive approach to classi! ca-
tion are the functions of coping in the adaptation process, which allow us to distin-
guish between problem-oriented and emotion-oriented variants of coping (Lazarus 
& Folkman, 1984); and a focus on approaching a stressful situation or avoiding it. 
$ is dimension (approach–avoidance) — “topological features” (Skinner et al., 2003, 
p. 225) — originates from work on exploratory behavior (Barnett, 1958). Later, those 
features began to be used to denote cognitive and emotional activity that is either 
focused on the perception of a stressor or on diverting attention from it (Roth & 
Cohen, 1986). By correlating approach–avoidance and coping strategies, the authors 
distinguish between ways of, on the one hand, facilitating contact with a stressful 
situation and, on the other, avoiding the problem. $ ese types of behavior are not 
mutually exclusive, but can complement each other (Skinner et al., 2003).

 $ e inductive way of grouping and structuring coping strategies is associated 
with the use of content analysis for qualitative data (for example, Daglas et al., 2024) 
and statistical procedures for processing quantitative data (exploratory and con! r-
matory factor analysis). One of the most recent trends proposes identifying types of 
coping by analyzing not the coping strategies themselves, but their combination or 
the pro! le which is determined from questionnaires using latent pro! le analysis and 
cluster analysis (Doron et al., 2015; Kavčič et al.; 2022; Muniandy et al., 2022; Nagy & 
Balázs, 2023). $ e basic idea is to measure and highlight typical coping patterns that 
appear in human behavior under stressful conditions. $ e pro! le is the combination 
of coping strategies revealed by the questionnaire. Such studies are most o' en per-
formed in the context of a person-centered approach to coping, which means iden-
tifying groups of people with similar pro! les, as opposed to the grouping of variables. 
$ is approach is also o' en based on the study of stable personality traits (Muniandy 
et al., 2022; Nagy & Balázs, 2023).

$ us,   in the ! eld of coping, quite a few options have been accumulated for solv-
ing the problem of classifying coping strategies. In some cases, classi! cations incor-
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porate perceived characteristics of a situation (for example, perceptually controlling 
or changing the meaning of a problem as one coping reaction, in Pearlin & Schooler, 
1978) or use correlations of the level of perceived stress with latent coping pro! les or 
coping clusters (Chen et al., 2022; Doron et al., 2015; Muniandy et al., 2022). Never-
theless, the perception and interpretation of the di#  cult situation that the subject is 
coping with remain little-studied phenomena. Meanwhile, not only in the situational, 
but also in the person-oriented approach to the understanding of coping, there is 
a recognition of the leading role of “the interaction between an individual and the 
environment, involving subjective perception and assessment of stressors” (Lecic-
Tosevski et al., 2011, p. 290).

Conce p tualization of an Image of the Di"  cult Life Situation
As E.A. Skinner and colleagues note, one of the most important features of the clas-
si! cations of coping allows us to distinguish between di" erent types of activity. Ac-
tivity, which in this case is considered in the context of the German tradition as an 
“action schema,” is not identical to “behavior,” but also includes individuals’ emo-
tions, attention, and goals. It is the goal and motivation that establish the direction-
ality of behavior. $ e same coping behavior can re( ect di" erent types of activity if 
it is performed in the service of di" erent goals (Brandstädter, 1998; Skinner et al., 
2003). $ is approach is expressed in the following statement: “$ e structuring of 
coping modes as active behaviour patterns resulting from perception and cognitive 
processing is another arbitrary de! nition. Coping modes are in fact part of the over-
all coping process, but they constitute the behaviour patterns which can be actually 
observed, that is, which manifest themselves as the consequences of the entire pro-
cess” (Heim, 1995, p. 147). Leontiev’s general psychological activity theory, which is 
close to this tradition, also postulates that activity is mediated by one’s image of the 
world (Leontiev, 1979).

In gen eral, this approach makes it possible to consider coping as part of a more 
complex system — a perceived situation (or image of the situation), including senso-
ry images, meanings, and personalized meanings regarding the event. Coping with a 
di#  cult life situation itself turns out to be a consequence of how this image functions 
(Asmolov et al., 2023). Using this approach in the present study allows us to study 
the types as patterns of perception of di!  cult situations. According to J. Rauthmann 
and R. Sherman, to the extent that there are individual di" erences in the perception 
of situations, people with similar levels or patterns of situation perception may be 
grouped together (Rauthmann & Sherman, 2019).

Compute r Modeling in Studies of the Psychology of Coping
Machine learning is used for various tasks in current studies on the psychology of 
coping: identifying predictors of stress (Tigga & Garg, 2022), studying behavioral 
patterns in response to stressors (Zhao et al., 2022), developing chatbots that teach 
coping skills (Fardouly, Crosby, & Sukunesan, 2022). At the time of writing, we were 
unable to ! nd classi! cations of the perception of di#  cult or stressful situations, cre-
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ated using machine learning. 1 However, the topic is being actively developed in 
basic medicine. Models are being proposed that are designed to facilitate medical 
diagnostics and provide support for clinical decisions. Despite the recognition of the 
capabilities of data analysis using machine learning, it is noted that models are o' en 
based on a “black box” of decision making. $ erefore, the need for interpretable 
models has been posed (Chen et al., 2021).

One of  the approaches that makes it possible to achieve greater understand-
ing of a model and to explain the path to a speci! c solution is Explainable AI 
(arti! cial intelligence). $ at is a general term for a wide range of computational 
instruments designed to improve understanding of the underlying mechanisms 
that drive predictions based on machine learning (C Manikis et al., 2023). Algo-
rithms are used that create an interpretable model, for example, decision tree or 
logistic regression.

Anothe r approach — the modeling of logical processes — is being developed by 
Russian mathematician A.S. Podkolzin. $ e author asserts that the central problem 
of arti! cial intelligence is the algorithmization of knowledge, and the main opportu-
nity to create e" ective problem solvers is computer modeling of the logic of human 
reasoning (Podkolzin, 2008, p. 13). Let us note the fundamental di" erence between 
1) Explainable AI and 2) the modeling of logical processes. $ e application of the ! rst 
is associated with explanation of the proposed AI solution, as well as its comparison 
with expert opinion and common sense. $ e second approach is an explication of the 
human decision-making algorithm and modeling of this decision. We used modeling 
of logical processes to explicate the psychologist’s algorithm.

# e Pr e sent Study
$ e classi! cation of perceived di#  culties that is presented in this work was devel-
oped based on information about di#  cult life tasks (DLTs). $ is is a type of di#  cult 
life situation involving an elevated and signi! cant goal and the possibility of subjec-
tive control by the subject. $ e classi! cation is based on the following theoretical 
premises: a conceptual model of types of orientation to a di#  cult situation (Bityut-
skaya, 2018), as well as the “approach–avoidance” dimension. While conducting the 
research and analyzing the empirical data, it turned out that the majority of respond-
ents report simultaneously approaching and avoiding a di#  cult situation. $ erefore, 
an ambivalent type was also identi! ed, which involves a combination of features of 
both approach and avoidance. $ us, our classi! cation includes three major types of 
perception: approach, avoidance, and ambivalent perception. “Approach” is further 
divided into three subtypes: driven, maximal, and optimal (Figure 1).

" e purpose of the study is to develop a veri! able, reproducible algorithm for 
identifying types of perceptions of DLTs.

For our study, it is the situational context that is important, not stable personality 
traits. We proceed from the assumption that a number of common characteristics 
1 Search in databases: https://pubmed.ncbi.nlm.nih.gov/; https://psycnet.apa.org/; https://elibrary.

ru/. Search queries on the topics “psychology”: perceived stress, coping classi! cation, machine 
learning, decision tree, logistic regression). Accessed: 2023.
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that we have identi! ed for groups of people allow us to describe similar patterns of 
perception of DLTs. We are studying coping in the structure of the subject’s image of 
the situation. $ is di" ers from studying coping strategies alone, and allows us to con-
sider perception of and coping with a di#  cult life situation holistically. We consider 
the following components in the structure of the image of a subjective situation.

Situational context (time, place, life situation — for example, occupational dif-
! culties, illness, etc.).

Percepti on per se — cognitive and emotional activity aimed at either perceiving/
approaching a di#  cult task or avoiding a solution to it (orientations), emotions, ap-
praisal of its di#  culty (including criteria and degree of di#  culty, valence of appraisal).

Objective — what results need to be achieved in this situation.
Coping — how the objective is to be achieved.
Conditions of the task — help from the social environment, opportunities and 

limitations.
Probable outcomes — the best-case and worst-case scenarios for the situation.

Methods
Design
Study of the perception of a situation involves, on the one hand, consideration of a 
combination of di" erent components, and on the other, analysis of individual pa-
rameters. $ e best solution seems to be a combination of quantitative and qualita-
tive methods. Our stud y therefore adopted a mixed-methods research design using 
computer modeling. Figure 2 demonstrates a convergent parallel research design. We 
collected quantitative and qualitative data simultaneously about one current DLT 

Figure 1. Types of perception of di#  cult life tasks
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from each respondent. Initially, these data (the individual pro! le according to the 
questionnaire and the corresponding description of the DLT) were compared by a 
psychologist, who classi! ed each case as one of the ! ve types. $ e psychologist’s deci-
sions were largely based on implicit knowledge. $ en, using machine-learning meth-
ods, we tested di" erent classi! cation options, including some that the psychologist 
did not use. Based on A.S. Podkolzin’s approach, we developed a veri! able algorithm 
for assigning each description of DLTs to a certain type, explicating the psychologist’s 
solution to the problem in the process of algorithm development.

$ e need  to use expert opinion at the beginning and computer modeling in the 
following stages arises due to the multidimensional nature of the data, the need to 
compare them and consider them holistically (187 qualitative data analysis units and 
8 questionnaire scales are used). Data were integrated in two ways: through assess-
ments by an expert psychologist and based on computer modeling.

Study Participants and Material
$ e study involved 611 people, 184 men and 427 women (aged 19–52; M  =  25; 
SD = 5.8), university students as well as working professionals with higher and sec-
ondary specialized education, residents of Moscow and Moscow Oblast. All respond-
ents con! rmed their voluntary participation in the study by giving informed consent. 
Each participant described one di#  cult life task that was relevant to them. $ e mate-
rial provided for the study comprised various sorts of life di#  culties: occupational, 
material, interpersonal, intrapersonal, and others.

Data Collection
" e Structured Description of a Situation includes introductory instructions about the 
formulation of a di#  cult life task and six open-ended questions about it (see Appen-
dix). $ e method operationalizes the perception of di#  cult life situations and allows 
us to obtain qualitative data in the form of a description of the DLT. Each participant 
! rst described a relevant situation based on these questions, and then analyzed the 
same situation based on the questionnaire.

" e “Type s of Orientations in Di!  cult Situation” questionnaire (TODS; Bityuts-
kaya & Korneev, 2020) was designed to diagnose how respondents perceive the dif-
! cult situation that they describe as relevant to them. $ e questionnaire comprises 
65 items which respondents must answer relative to the situation described and as-
sess on a Likert scale from 0 to 3 (0 — “absolutely wrong,” 1 — “somewhat wrong”; 
2 — “somewhat right,” and 3 — “absolutely right”). $ e theoretical basis of the ques-
tionnaire provides a model of types of orientation (Bityutskaya, 2018). $ e model 
describes two types of cognitive and emotional activity: 1) approaching a di#  cult 
situation (focusing on it, to direct one’s e" orts to change the situation), and 2) avoid-
ing it (cognitive evasiveness, allowing one to ignore the di#  culty and expend less 
e" ort). Based on the TODS, eight orientations can be identi! ed. $ e ! rst type per-
tains to the drive, thoroughness, and opportunity orientations; and the second type 
to rejection, inaction, and insouciance. Two scales — threat alert and obstacle ori-
entation — can be combined with the orientations of both the ! rst and the second 
types. When we tested the factor structure of the questionnaire, acceptable indica-
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tors of ! t of the con! rmatory model to empirical data were obtained: RMSEA = .049, 
CFI = .900, χ2 (1171) = 3068.835.

Data Ana lysis
$ e pro! le of the TODS study participants was considered comprehensively, as a 
combination of expressed orientations. Since orientations to threats and obstacles can 
apply to both approach and avoidance, we di" erentiated six scales: those related to 
approach (drive, thoroughness, opportunity orientation) and to avoidance (rejection, 
inaction, insouciance). At ! rst, the types of perception of DLTs were identi! ed based 
on the values on the scales in the individual pro! le, derived from the instruction 
scale (from 0 to 3 points), where 1.5 is the mean value. Accordingly, scores of 1.5 and 
higher were interpreted as expressions of an orientation.2

Content analysis (continuous counting) was used to process the qualitative data. 
$ e coding instructions for content analysis were developed by E.V. Bityutskaya and 
N.G. Malysheva using a bottom-up approach. Independent raters were used in de-
velopment of the coding system, and consensus was reached on how to code unclear 
entries. $ e instructions include categories related to 1) description of the situation 
2 $ e choice of this limit (rather than the sample average) is justi! ed by the fact that it is important 

for us to correlate the respondent’s indicators with the frequency rating scale speci! ed in the in-
structions, and not to compare these indicators with relative values for the sample.

Figure 2. Mixed-methods research design
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as a whole, and 2) individual issues. $ us, the unit of context was descriptions of situ-
ations (for the ! rst type of categories) and answers to each question (for the second 
type of categories). $ e categories of the ! rst type included emotions, time, energy, 
degree and essence of the di#  culty. $ e categories of the second type were the nature 
of the situation, coping, several categories of appraisal, goals, opportunities, limita-
tions, and others. $ e coding instruction includes 187 units of analysis — catego-
ries and subcategories. All 600 cases were independently coded by two coders, and 
the markings were then compared. Discrepancies were resolved through consensus. 
Content analysis was used for the markup from which the computer modeling was 
performed.

Methods for Computer Classi! cation of Di"  cult Life Tasks
We used two approaches to classify di#  cult life tasks:

1) Machine-learning algorithms (decision t ree, logistic regression) for the pur-
pose of modeling different classification variants;

2) A.S. P odkolzin’s modeling of logical processes in order to simulate the deci-
sion-making of a psychologist performing a classification task, and to opti-
mize the procedure.

Machine le arning was implemented in Python (Python So' ware Foundation) 
(Pedregosa, 2011). First, we applied the basic con! gurations of machine-learning 
algorithms  — a set of default parameters in the scikit-learn library of the Python 
programming language. $ en, each algorithm was tuned to improve classi! cation 
accuracy.

A decision tree is a binary tree, each internal node of which is assigned a certain 
rule, which, according to the object to be classi! ed, determines which of the branches 
to move on to. $ e decision tree is built from the training sample so as to classify 
the objects of the training sample as well as possible. If you choose a tree depth large 
enough, then, as a rule, it is possible to achieve 100% classi! cation of the training 
sample; but this can lead to over! tting. $ erefore, before constructing a decision tree, 
it is usually decided that its depth should not exceed a certain constant; in our work 
the depth should not exceed the number 4.

Logistic regression is a linear classi! er for two classes — i.e., a classi! er in which 
the surface separating two classes is a hyperplane in the feature space. $ e decisive 
rule for logistic regression is the following: all objects lying above the dividing hy-
perplane belong to the ! rst class, and everything below belongs to the second. If the 
space of the features has a small dimension, then the coe#  cients describing the sepa-
rating hyperplane can be interpreted and explained. $ erefore, logistic regression can 
be considered to be Explainable AI.

We solved the problem of over! tting (the ability of machine-learning algorithms 
to adjust to the training sample so as to almost always give the correct answer for 
it) by using the cross-validation method. Our solution involves dividing the entire 
sample into training and testing parts in a ratio of 4:1, while accuracy is measured 
only on the testing part. $ is division was randomly performed 500 times, and the 
results were averaged.



72  Bityutskaya, E.V., Gasanov, E.E., Khazova, K.V., Patrashkin, N.A.

A.S. Podkolzin’s approach involves the formulation and mathematical veri! cation 
of simple, clear “decision rules” for the division into types. To establish classi! cation 
accuracy, we measured the number of matches between the expert’s assessments of 
the case attribution and the results of the decisive rule. For example, an accuracy of 
0.88 means that the rule can classify 88% of cases in a way that matches the expert’s 
opinion.

Determining the Types of Perception of Di"  cult Life Tasks
$ e types were determined based on analysis of the indicators by an expert psycholo-
gist: 1) the respondent’s pro! le according to the TODS questionnaire, and 2) indica-
tors signi! cant for the type in the descriptions of the DLT.3 $ e latter are highlighted 
on the basis of a conceptual model of types of orientation in di#  cult situations (Bity-
utskaya, 2018); the following features were used: 

 1 driven (n = 67) — striving for di#  culty associated with a feeling of drive. In the 
TODS respondent’s pro! le, the drive scale has the highest (or high) scores in combi-
nation with the expression of other orientations of approach to di#  culties and a lack 
of expression of avoidance orientations. Qualitative data present indicators of posi-
tive assessments and emotions, self-development, increased energy, and high results.

2 maximal (n = 89) — multitasking and achieving a perfectionist goal with the 
greatest expenditure of e" ort. In the TODS pro! le, the thoroughness orientation is 
strongly expressed in combination with other orientations of approach to di#  cult 
situations and no expression of an avoidance orientation. $ e most signi! cant fea-
tures in the qualitative data are high achievement, a need to do everything, and mul-
titasking.

3 optimal (n = 139) — focus on achieving a di#  cult goal with optimal e" orts 
(no more, no less than required by the task conditions). In the TODS pro! le, ori-
entations of approach to di#  culties are expressed (with the highest indicator for 
orientation towards opportunities) and orientations of avoidance are not expressed. 
Frequent mention of planful problem solving and positive reappraisal of the situa-
tion, and goals expressing an approach orientation, are characteristic in the descrip-
tions of DLTs.

4 ambivalent (n = 245) — ( uctuation between approaching a di#  culty and avoid-
ing it (expressed by one, two or three orientations of approach in combination with 
one, two or three orientations of avoidance). $ e qualitative data show frequent men-
tion of negative emotional states, which require time and e" ort to overcome; both 
the goals of approaching something pleasant and avoiding something unpleasant are 
described. Fluctuations in activity and passivity are possible when achieving a dif-
! cult goal. 

5 evasive (n = 60) — avoidance of di#  cult emotional experiences that consume 
the consciousness, avoidance of a di#  cult situation (one, two or three scales of avoid-
ance of di#  culties are expressed, and scales of approach are not expressed). Intense 
negative emotions, coping, and avoidance goals are particularly common in the qual-
itative data.

3 In this case, knowledge about the type as a whole was used, in accordance with the conceptual 
model, regardless of the markup.
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A few descriptions of DLTs (n = 11) were not analyzed because they were not 
assigned to any of the types listed. $ e study was performed on a sample of 600 
cases.

When the questionnaire pro! le and the indicators pointed to di" erent types, a 
decision was made based on the questionnaire alone if the description was too brief 
(such cases accounted for no more than 1.5% of all descriptions). $ e remaining 
cases containing such a discrepancy were classi! ed based on the DLT descriptions. 
$ ere were also combinations in which both the questionnaire pro! le and the indica-
tors equally pointed to two types — that is, the case turned out to be mixed. It was 
assigned to one of the two classes.

Results
As a preliminary step, descriptive statistics were analyzed for a subsample of each 
type and for the entire sample (Appendix, Table A1). $ e expected results were 
obtained, according to which the most clear-cut scores are for those orientations 
that act as indicators of types. Orientations to threat signals and to obstacles have 
the smallest range of mean values (from 1.83 to 2.21 and from 1.53 to 1.89, respec-
tively).

Classi! cation of Di"  cult Life Tasks Based 
on Machine-Learning Algorithms
Results of the Basic Con! guration of the Algorithms
Table 1 presents the results of the ! rst stage — applying the basic con! gurations of 
the algorithms separately to two training samples: by markup (187 features; 1m) and 
by the questionnaire (8 features; 1q). In this way, one can see insu#  ciently high clas-
si! cation accuracy rates.

Table 1 
Results of classi$ cation of DLTs based on machine-learning algorithms

Algorithm
Classi" cation Accuracy

1m 1q 2k

Logistic regression .445 .675 .712
Decision tree .420 .658 .608

Notes: 1m, 1q — the $ rst stage, the results of applying the algorithms to the training set with a full set of fea-
tures: 1m — according to markup, 1q — according to the questionnaire; 2k — the second stage, the results 
of applying the algorithms to a training set with 11 features: a combination of markup and questionnaire 
features.

Combination of Questionnaire Features and Markup
At the second stage, all the attributes we had were combined and an attempt was 
made to select the best ones for classi! cation using the “sequential feature selection” 
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method. $ is identi! ed 11 features that provide the best accuracy: 6 TODS approach 
and avoidance scales and 5 markup features. 

$ e results of applying the algorithms to the training set with 11 features are 
presented in Table 1 (2k). Feature reduction and combination actions improved the 
classi! cation accuracy score to .712 (logistic regression).

Sequential Separation of Classes
At the third stage, we tested an alternative variant, involving sequential (rather than 
simultaneous) separation of classes. To identify patterns in data distribution, we visu-
alized the training sample of the questionnaire. Figures 3a and 3b show images of the 
types in three-dimensional space, created on the basis of the indicators of the ap-
proach and avoidance scales of the TODS. 

 

 Types of approach 1, 2, 3   Type 4   Type 5 

Figure 3a. Visualization of types in three-
dimensional space of TODS approach 
scales

Figure 3b. Visualization of types in three-
dimensional space of TODS avoidance 
scales

 In the ! gures we see that the type 5 can be linearly separated from the other 
types by features of approach (Figure 3a), and the three types of approach (1, 2, 3) 
by features of avoidance (Figure 3b). $ erefore, in the ! rst step, we try to divide the 
sample into three parts, ! rst by separating type 5, and second the types of approach. 
$ e third, remaining, part contains ambivalent cases. In the next steps it is neces-
sary to separate the three types of approaching. In this case, ! rst we separate types 
1 and 2 from 3, and then we separate 1 and 2. Testing this model using the deci-
sion tree algorithm on a training set using the 11 features described above showed 
classi! cation accuracy of .783. Table 2 presents the results of the sequential class 
separation. 

 $ us, in the machine-learning process, the best results were obtained by combin-
ing features and sequentially separating the classes. $ is division corresponds to the 
psychologist’s logic when determining the types, and we used it at the stage of model-
ing logical processes.
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Table 2
Classi$ cation algorithm using machine learning (decision tree)

Step Action Classi" cation accuracy 
at each step

1 We combine cases from the ! rst three classes into one class (ap-
proaching) and divide the sample into 3 classes: 
1,2,3 — 4 — 5

.895

2 We separate the 1st and 2nd classes from the 3rd: 1,2 — 3 .827
3 We separate classes 1 and 2: 1 — 2 .791

Cumulative indicator .783

Classi! cation of Di"  cult Life Tasks Based 
on Computer Modeling of Logical Processes
 At this stage, we test the accuracy of the classi! cation using decision rules created 
based on the features of case categorization provided by the psychologist (see section 
“Determining the Types of Perception”).

Development of a Classi! cation Algorithm
In the $ rst step of classi! cation, based on the concepts of approach, avoidance, and 
ambivalent perception, the psychologist suggests using the following ! rst rule:

• if in the TODS profile at least one of the approach orientations is expressed, 
and none of the avoidance orientations, then the case belongs to the types of 
approach (1, 2, 3);

• if at least one of the orientations of avoidance is expressed, and none of the 
orientations of approach, then the case belongs to type 5;

• if at least one of the orientations of avoidance is expressed, and at least one of 
the orientations of approach, then the case belongs to type 4;

• cases containing a profile in which no orientation is expressed are considered 
unclassifiable in this work.

Analysis of the training sample shows that this rule performs the classi! cation 
correctly in 84.83% of cases.

Next, to re! ne the orientation expression thresholds on the TODS, we perform 
a search of all possible sets of threshold boundaries of scales ranging from 1.0 to 
2.1 in increments of 0.05. $ is analysis shows that if we consider thoroughness to be 
expressed when its corresponding number is greater than 1.65, and insouciance to 
be expressed when its corresponding number is greater than 1.85, while keeping the 
remaining thresholds equal to 1.5, then the rule described above in our sample pro-
duces correct classi! cation in 88.5% of cases. $ erefore, in the ! rst step we use the 
rule described above with re! ned expression thresholds.

In the second step, we separate the ! rst two types related to approaching, from the 
third. In so doing, we proceed from the following features of the types. Types 1 and 2 
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are distinguished by the fact that the subject sets a high goal in a di#  cult situation; it 
involves expenditure of e" ort to a greater extent than the situation demands. Type 3 
assumes that when achieving a di#  cult goal, as much e" ort is expended as required 
by the conditions of the task. Types 1 and 2 are identi! ed by maximum expression 
in the TODS pro! le of the drive and thoroughness scales. In addition, analysis of the 
empirical data showed that the nature of situations corresponding to 1 and 2 is not 
characterized by a description of extreme situations: threats to life and health, ill-
nesses, loss of loved ones (category F6 markup).

Based on what has been discussed above, we formulate the second rule, which is 
based on the TODS respondent’s pro! le vector, and also takes into account the men-
tion of category F6:

• if in the description of the DLT there is no category F6 (F6 = 0) and in the pro-
file the maximum value among the approach scales is obtained on the “drive” 
and/or “thoroughness” scales, then we classify the case as belonging to the first 
two classes (driven and maximal types 1, 2);

• otherwise we classify the case as type 3.
$ e accuracy of separating approach types based on this rule is 76.92% of cases.
It remained for us to separate the ! rst two types (driven and maximal). In the 

third step, we use only the markup vector to solve this problem. $ e psychologist de-
scribed 16 subcategories which characterize types 1 and 2 (we denote them “Diction-
ary 1” and “Dictionary 2,” respectively), and assigned a weight to each subcategory 
from 1 (least signi! cant) to 3 (most signi! cant). Lists of subcategories (Dictionaries 
1 and 2) are given in the Appendix (Table A2). $ e third rule is formulated as follows:

• using the respondent’s markup vector, we calculate the weighted sums of the 
subcategories for each type;

• if the weighted sum of the subcategories of Dictionary 1 turns out to be greater 
than the weighted sum of the subcategories of Dictionary 2, then we classify 
the case as 1;

• otherwise we classify it as type 2.

Table 3
Classi$ cation confusion matrix using the resulting algorithm

Classes 1st* class 2nd* class 3rd* class 4th* class 5th* class Total Correctly 
de" ned

1 38 10 10 9 0 67 56.7%

2 1 43 22 23 0 89 48.3%

3 7 18 98 16 0 139 70.5%

4 0 1 4 233 7 245 95.1%

5 0 0 0 9 51 60 85.0%

Note. * — the class to which the $ nal algorithm assigned the cases; the number of matches to the expert’s 
assessment is highlighted by shading.
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$ e accuracy of separation of the ! rst and second types, obtained at this stage by 
applying the third rule, is 88.04% of cases.

Overall, on the available training set, this procedure correctly classi! es 77.17% of 
cases (cumulative indicator). $ e decision tree of the ! nal algorithm is presented in 
Figure 4. Table 3 shows the classi! cation confusion matrix.

Analysis of the confusion matrix allows us to present two reasons for the incon-
sistency of cases with the rules of the ! nal algorithm: 1) insigni! cant (.01–.03) ex-
cesses of the value of one scale relative to the threshold of expression; 2) the descrip-
tion of the DLT and the pro! le according to the questionnaire indicated di" erent 
types, while the psychologist, when deciding on assignment to a type, relied on the 
description; 3) a mixed type, which could have been attributed, among other things, 
to the type to which the algorithm assigned it. We see from the table that the largest 
number of “errors,” or cases that do not correspond to the ! nal algorithm, belong to 
types of approach that are di#  cult to separate. $ e highest rate of agreement between 
expert and algorithm assessments was obtained for the ambivalent type.

Discussion
In this study, we solved the task of developing a reproducible, veri! able algorithm for 
determining the types of perception of DLTs. Two computer modeling approaches 
were used: 1) machine learning and 2) logical process analysis.

 $ e use of machine-learning algorithms made it possible to consider and evalu-
ate the accuracy of di" erent options for separating the data array into classes, and 
also to determine the optimal three-step path (Table 2).

In the context of Explainable AI, it is interesting to analyze the 11 features that 
were identi! ed during the machine-learning process. Six of them are correctly de-
! ned by the TODS scales, which matched the opinion of the psychologist. Of partic-
ular interest are 5 features isolated from a set of 187 markup features. Analysis shows 
that this set includes the following features:

• 1D4 — subcategory “planful coping,” whose frequency of mention in the qual-
itative data allows us to distinguish types 1, 2, 3 from 4, 5;

• Two features separating 1, 2 from 3 are C6 — a subcategory that describes the 
need to achieve maximum results, and F6 — the category “threat to life and 
health,” which is not found in descriptions corresponding to types 1, 2;

• Two features that uniquely characterize type 1 (A1 — subcategory “positive 
intense emotions”) and type 2 (1B9 — subcategory of “necessity”), which the 
psychologist also identified on the basis of content analysis and rated as highly 
significant for these types.

Overall, this decision seems logical and comprehensible. Note the absence of 
markup signs distinguishing type 5. $ is is justi! ed, because among all types it is 
distinguished with the greatest accuracy from the rest of the array, according to the 
TODS data.4

4 Additionally, we separated each class from all others using the logistic regression algorithm (the 
training sample of the questionnaire, 6 features). $ e best result was demonstrated by class 5 — ac-
curacy 0.92.
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A.S. Podkolzin’s approach allowed us to test variants of rules based on the de-
scription of features by a psychologist and to work out a ! nal decision-making algo-
rithm. It turned out that at the ! rst step of separation into three large types, the clas-
si! cation accuracy was quite high. However, the accuracy decreased in the second 
step, when dividing types 1, 2 – 3. $ ere are two reasons for this: 1) similar semantic 
characteristics for the types of approach (manifested both in the similarity of pro! les 
and semantic themes in the descriptions of DLTs); 2) mixed types (there are features 
of two types in one description).

Let  us ! rst analyze the semantic reasons. $ e ! rst and second types, striving to 
achieve a goal that exceeds the requirements of the situation, tend to overestimate the 
e" orts required, which is probably based on an overestimation of their own strengths 
and capabilities. In this case, it seems that we are dealing with positive illusions, 
which are associated with beliefs about the world and about oneself that are poorly 
supported by the facts, and form a more positive view on the part of the subject than 
is justi! ed (Je" erson, Bortolotti, & Kuzmanovic, 2017). $ at is, one of the semantic 
reasons why it is di#  cult to separate the three types of approaching, relying only on 
a questionnaire, is if there are some illusory assessments of the situation and one’s 
capabilities in this situation, characteristic of people who perceive DLTs according to 
the driven and maximal types. $ e person would thus like to optimize their e" orts, 
but in reality uses more e" ort than the situation requires. As a result, statements that 
relate to opportunity orientation can be rated as highly as items from the drive and 

Figure 4. Decision tree of the ! nal classi! cation algorithm (modeling 
of logical processes)
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thoroughness scales, as con! rmed by analysis of the descriptive statistics (Table A1). 
At the same time, in accordance with our ! nal algorithm, even with a slight advan-
tage (by 0.01) of the score on the opportunity scale (compared to drive and thorough-
ness), the case should be classi! ed as an optimal type.

$ e issue of mixed types requires separate analysis. Regarding psychological clas-
si! cations, the idea of the rarity of “pure” types, sometimes the impossibility of iden-
tifying them in life (but only with a theoretical description), has become a truism. In 
our data, some cases were identi! ed as a classi! cation error by the ! nal algorithm, 
precisely due to the mixed type. For such cases, as a rule, one can detect not only a dis-
crepancy between the case and the rule, but also signi! cant features of two types in 
the descriptions of DLTs. For example, quite o' en drive or maximum cases contain-
ing a description of emotional burnout and physical exhaustion (which characterizes 
ambivalent perception) were classi! ed as ambivalent based on the ! rst rule. Analysis 
of the data, including a detailed confusion matrix (with case numbers), showed that 
in our sample, at least 25% of the total number of respondents could be classi! ed as 
mixed cases.

$ is analysis allows us to propose a graph metaphor for visual representation of 
the typology (Figure 5). Considering the signi! cant number of cases of mixed types, 
this metaphor re( ects more fully than a tree the idea of classi! cation that we arrived 
at as a result of the study. However, this classi! cation option requires further analysis 
and description. In particular, it remains to be determined whether speci! c traits can 
be described for mixed subtypes or whether they rather involve a combination of the 
two types of traits.

Conclusions
$ is study uses a method for studying situational perception that involves a combi-
nation of 1) qualitative and 2) quantitative data. $ e ! rst corresponds to the need to 
embrace the diversity of people’s individual conceptions. $ e second involves study-
ing the pro! le derived from a questionnaire, which allows us to take into account the 
complex interaction of a person with a di#  culty.

A ! nal algorithm was developed that opens up the possibility of determining 
the type of perception of a di#  culty, and not just individual parameters of the per-
ceived situation. $ e approach to developing the algorithm used in this work, A.S. 
Podkolzin’s computer modeling of logical processes, makes it possible to optimize 
the classi! cation of perceived di#  cult situations into certain types, and also to trace 
the process of a psychologist solving the classi! cation problem step by step. $ is is 
a more meaningful classi! cation option than using machine-learning methods. Its 
simplicity (including computational simplicity) and the greater ease of interpretation 
of the modeling of logical processes allow us to recommend this particular method 
for practical use. It involves taking into account scale thresholds and following the 
resulting algorithm.

In accordance with the results of the study, in order to divide the array of re-
sponses into three large types — 1) approach, 2) avoidance, 3) ambivalent perception 
of DLTs — it is possible to implement a rule that uses the results of the question-
naire, that is, the part of the data that is the least labor-intensive to process. Approach 
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includes three more subtypes; two of them are separated from the third also on the 
basis of the questionnaire, with the addition of one markup feature. Conducting a 
structured description of a situation involving the collection of qualitative data is 
necessary more to separate the ! rst two types of approach (the driven and maximal 
types, to which 24% of the total sample in this study belonged).

Limitations
$ e  proposed classi! cation is based on an analysis of the life di#  culties of mostly 
young people living in a Russian metropolis who have or receive higher education. 
It is possible that analysis of other life contexts and age categories could highlight 
other types of perceived di#  culties. $ ere are also limitations to the methods. $ e 
reliability of conclusions based on machine learning could be increased by increasing 
the sample size. $ ere are no such restrictions for modeling logical processes, but it 
would be important to check the classi! cation accuracy using the ! nal algorithm on 
a new data set. $ is is the perspective of this study.
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Appendix А

Structured Description of a Situation
$ ink of a situation in your life that involves a di#  cult task, requiring a solution in a given 
period of time:

1. How do you perceive it, evaluate it, experience it emotionally, and overcome it (what 
actions help you overcome the situation or your condition)?

2. What are your goals in this situation?
3. What opportunities and limitations do you have in achieving your goal?
4. Do you need help (support) from people around you in this situation?
5. If everything goes wrong, what will it be like? (Maximum failure).
6. Describe what would achieve the maximum success and would resolve the situation 

for you.

Table A1
Desc riptive statistics of the TODS scales for types and the entire sample

Scales

Types
All

1 2 3 4 5

Mean 
(SD)

Mean 
(SD)

Mean 
(SD)

Mean 
(SD)

Mean 
(SD)

Mean 
(SD)

Drive 2.46*
(.32)

2.00
(.52)

1.86
(.53)

1.49
(.53)

.89
(.39)

1.70
(.64)

$ oroughness 2.15
(.46)

2.46*
(.39)

2.07
(.48)

1.83
(.57)

1.11
(.40)

1.94
(.61)

Opportunity orientation 2.24
(.43)

2.32
(.41)

2.35*
(.38)

2.00
(.47)

1.21
(.33)

2.07
(.54)

Obstacle orientation 1.53
(.47)

1.77
(.49)

1.70
(.54)

1.89
(.57)

1.68
(.52)

1.77
(.55)

$ reat alert 2.04
(.51)

2.21
(.52)

2.14
(.43)

2.05
(.54)

1.83
(.55)

2.07
(.52)

Rejection .98
(.44)

1.22
(.41)

1.14
(.35)

1.90
(.42)

2.24*
(.42)

1.55
(.59)

Inaction .65
(.46)

.74
(.43)

.83
(.37)

1.15
(.53)

1.43
(.54)

.99
(.53)

Insouciance 1.02
(.55)

.93
(.57)

.86
(.47)

1.39
(.62)

1.71
(.51)

1.19
(.63)

Note. * — the most signi$ cant scale for determining this type, in accordance with the conceptual model; for 
type 4 there is no such scale, because in an individual pro$ le classi$ ed as type 4, di% erent scales of approach 
and avoidance can be expressed.
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Table A2
Subcategories characterizing types 1 and 2

Dictionary 1 Dictionary 2

Category Subcategory Weight Category Subcategory Weight

Energy 1. High energy level 3 Energy 1. Low energy level 1

2. Energy is rising 3 2. Need for energy 
expenditure 1

Emotions 3. Positive intense 3 Time 3. Mentioned 2

4. Positive non-intense 3 4. Temporary, transient 
situation 1

Valence of 
appraisal

5. Positive appraisal of 
the situation 3 Nature of the 

situation 5. Time allocation 3

6. Ambivalent appraisal 1 Essence of 
the di#  culty

6. To be able to do 
everything 3

Criteria of 
appraisal

7. Control of the situ-
ation 2 7. Need to succeed 3

Basis of 
appraisal 8. Dimensions 3 8. Need to achieve the 

maximum result 1

9. Challenge 3 Basis of 
appraisal 9. Necessity 3

Coping 10. Positive reappraisal 2 Coping 10. “Struggle” 1

Goal 11. Development, 
expansion 3 11. To encourage 

oneself 1

Opportunities 12. It is noted that there 
are many opportunities 2

Goal 12. Preservation of 
what one has 1

13. Self-development as 
an opportunity 3 Limitations 13. Work/study sched-

ule limitations 1

Limitations
14. No limitations 2

14. A great deal to do 
and the inability to 
refuse multiple tasks

2 

Prediction of 
failure

15. Impossibility of 
failure 2 Nature of 

failure
15. Postponement of 
the result to a later date 1

Nature of 
success 16. Fanciful success 1 Nature of 

success 16. To ! nish 1


