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The aim of the dissertation, definition of the topic

In the dissertation, we describe the ROT model, a Bayesian cognitive model
intended to explain causal learning. Based on others’ study results and our
experiments, we judge its fit to human data. Our purpose is to determine if the
model provides similar estimates to humans if similar information is available to
both. An appropriate fit of the model may support its suitability for explaining
human causal learning and may form the basis for further refining the model.

Among early pioneers in research on thinking about causal relationships in
psychology is Jean Piaget, who primarily examined children’s interpretation of
causal phenomena that can be grasped on a physical level (such as the
movement of clouds and celestial bodies, wind formation, bicycle, and steam
engine operation, etc.), to explore the nature and process of cognitive
development more thoroughly (Piaget, 1930). Social psychology has dealt
primarily with causal attribution within the area of social relationships — the
problem of how to identify agents who can be held responsible for certain
consequences (Kelley, 1973). We can also mention Albert Michotte, an early
researcher of causal thinking. He initiated an in-depth study of a perceptual
phenomenon, the launching effect, the ,spreading” of the movement of a
moving object to another stationary object.

By the end of the twentieth century, the interest in cognitive psychology
and psychology in causal thinking revived. This interest was much more general
than previous approaches, not limited to perceptual phenomena or social or
physical domains. Its focus was causal learning, the acquisition of knowledge of
causal relationships. A novelty in the study of causal learning was the use of
various modern tools and procedures in mathematics and computer science,
which also provided an exact and shared language for the discussions about
causal relationships. Another characteristic was the relegation of Hume’s
previously dominant philosophy of causation, and prioritization of Kant’s ideas
(for example, reflected in a greater emphasis on top-down processes), and
modern tools in statistics, including the application of Bayesian statistics. The
integration of three fields (computer science, philosophy, and statistics) has
made it possible to analyze causal learning — and, more generally, causal
thinking — in a much broader and more effective way than before (Glymour,
2003; Holyoak és Cheng, 2011).



According to a recent review (Danks, 2009), we can distinguish two major
areas of research in causal thinking, among which integration is incomplete. A
typical thread of research focuses on the use of causal knowledge, such as the
study of causal (predictive and diagnostic) reasoning (Cummins, 1995; Kurucz,
2010; Sloman&Hagmayer, 2006), or decisions based on causal knowledge
(Joyce, 1999). Another group of research deals with the acquisition of causal
knowledge and includes research of perceptual learning of causal relationships
(e.g., White, 1995) and causal induction, an inference-based form of learning,
during which we infer the existence or absence of causal relationships based on
available data. In causal induction, we consider the learning of causal
relationships an inductive problem to be solved by our cognitive system. Here
we may have various information at our disposal, which are essentially non-
causal. Based on this information, we try to infer the existence or absence of a
causal relationship. The role of the information on the co-occurrence of the
events in question is central, and other types of data are also important, such as
temporal distribution of events (order and temporal distance of events,
predictability; e.g. Lagnado et al. 2007), information on the consequences of
interventions (e.g. Steyvers et al., 2003), or certain prior expectations or abstract
knowledge of causal relationships (e.g. Dennis&Ahn, 2001; Luhmann&Ahn,
2011; Griffiths&Tenenbaum, 2009).

The ROT model described in the dissertation is a Bayesian cognitive
model of causal learning and especially causal induction. In the learning
process, the model attributes a central role to those hidden causal factors that
cannot be observed in the learning situation. This property of the model is also
reflected in its name (ROT is an acronym that stands for the Hungarian
equivalent of the term hidden causal factors). In the following, we briefly outline
the characteristics of the ROT model as a Bayesian model, describe the central
assumptions that formed the basis for several decisions during the construction
of the model, and present the most important aspects of the operation of the
model.

Some of the distinguishing features of the Bayesian approach to cognitive
modeling compared to other approaches (e.g., symbolic or connectionist) are
that probabilities represent knowledge and beliefs to talk about different levels
of them. A further property is that it models cognitive performance as
probabilistic inference. The general form of this inference is the Bayesian



inference, which describes a rational way to review beliefs in the face of new
data. Another unique feature of the approach is that it uses content-specific
mathematical tools, so-called structured representations, adapted to the
characteristics of the field of knowledge to be modeled. These structured
representations are suitable for deriving probabilistic inferences. The
representation of knowledge and beliefs as probabilities, and the central role of
probabilistic inferences, make Bayesian models particularly useful in examining
our cognitive performances for which available information is noisy,
incomplete, or uncertain, such as text comprehension, category learning, causal
learning, or sensorimotor coordination. The value of the approach is shown by
the fact that Bayesian models have proven to be especially successful in these
areas (for an overview, see Chater&Oaksford, 2008).

The estimation of the ROT model is based on covariation information, that
is the co-occurrence of two events (the antecedent — i. e. the potential cause, and
the consequence). Assuming that both the antecedent and the consequent in each
case can be either present or absent, the covariation information consists of the
following possible cases:

1. The antecedent and the consequence both were present
2. The antecedent was present; the consequence was absent
3. The antecedent was absent; the consequence was present
4. Both the antecedent and the consequence were absent

The ROT model considers hidden causal factors that cannot be observed
in the learning situation as the primary source of uncertainty. The most critical
steps of the model's estimation process are the revision uncertainty about the
presence of hidden causal factors based on the covariation information, and then
the revision of the hypotheses about the causal relationship in question, during
which the co-occurrence of the antecedent and consequence, as well as the
uncertainty about the hidden causal factors, are also taken into account.

The ROT model provides its estimate in the form of exact computation.
We had to accept several assumptions to perform these calculations during this
computation. We sought to ensure that the central assumptions of our model,
which inspired several decisions during model building, were empirically
grounded and reflected specific characteristics of the human cognitive system.
Certain other assumptions were simple ad hoc assumptions whose sole purpose



was to ensure that the model's calculations can be carried out. Our central
assumptions are that people think of causal relationships as deterministic
relationships (e.g., Frosch&Johsnon-Laird, 2011; Schulz&Sommerville, 2006),
they try to find explanations for the observed events, which are typically causal
explanations (Keil, 2006; Lombrozo, 2006). Moreover, these explanations
include references to causal factors that can either bring about the consequence
(generative causal factors) or prevent the consequence from occurring
(preventive causal factors, e.g., Cummins et al., 1991; Cummins, 1995).
Providing ROT model estimates in the form of an exact calculation also allows
for a rigorous assessment of the fit to human data.

Applied methods

During the empirical testing of the ROT model, we followed two strategies. On
the one hand, we looked in the literature for studies where researchers also asked
participants to assess the causal relationship between simple events (more
precisely, to judge their certainty of the existence of a causal relationship) based
on the aggregated covariation information provided to them. On the other hand,
we designed and conducted three experiments to test the model's fit based on our
data. We also designed a further experiment to examine the generalizability of
the ROT model in a learning situation for which the model was not prepared. In
this situation, the covariation information was not available in the summarized
form. The participants got the information one case at a time. After each case,
they had to judge how certain they are in the existence of the causal relationship.
The literature refers to this type of causal learning as online learning.

In the literature, we searched for research reports where participants had to
form judgments about simple causal relationships between events. They had
merely covariation information about the co-occurrence of events in a summary
form. Because the study of the strength of causal relationships in this field is
much more common, we found only some studies that met our expectations.
These were two experiments by Griffihts & Tenenbaum (2005), an experiment
by Lu et al. (2008), and an experiment by Saito Shimazaki (2013).

Griffiths & Tenenbaum (2005) reported three experiments, of which
experiments 2 and 3 were appropriate for us. In these experiments, participants
were given cards that contained covariation information depicting the
associations between certain chemicals and gene expression. Participants had to



line up these cards so that the first was the one that implied the absence of the
causal relationship between the chemical and gene expression. The last implied
the existence of the causal relationship between the chemical and gene
expression. Based on the results of the two experiments, we examined whether
the ROT model ranks each covariation information similarly to the participants
so that the fit could be judged on an ordinal scale based on the results.

In their 3rd experiment, Lu et al. (2008) outlined the study of a
pharmaceutical company as a context in which participants were tasked with
judging the headache-inducing effect of different minerals. Accordingly, they
had several covariation information (15 in total) depicting the co-occurrence of a
mineral and headache. They varied the number of cases available and the
probability of the consequence (headache) given the presence and absence of the
antecedent (mineral). Participants had to rate on a quasi-analog scale from 0 to
100 how confident they were that a particular mineral would cause a headache. 0
meant that they were confident that the mineral would not cause a headache, and
100 indicated that they were sure the mineral was causing a headache. Given
causal judgments on such a fine scale allowed us to judge the fit of the ROT
model on a near-interval scale. Here we examined fit by establishing the extent
to which the model’s estimates can explain the variability in the participants’
mean judgments to the conditions.

In the experiment of Saito and Shimazaki (2013), participants had to
determine whether one of two bacteria propagates the other? Participants were
given information about the co-occurrence of pairs of bacteria. In each case,
they were to judge each bacteria whether it propagates the other. Essentially this
resulted in four possible response combinations in each case (neither one of the
bacteria propagates the other, both bacteria propagate the other, one propagates
the other, and vice versa).

To verify the fit of the ROT model based on our data, we conducted four
experiments. The first three experiments were about how the ROT model can
predict changes in participants' responses to manipulating the covariation
information. In the fourth experiment, we tested the fit of the ROT model in an
online learning situation, which we didn't consider during model building.

We conducted each of our experiments online. The sample was recruited
using a crowdsourcing service. Given the online nature of the experiments,
participants were given short, simple tasks. During the experiments, participants



were to imagine themselves in the place of a missionary, who notices in an
indigenous village, that strange skin rashes appeared in several natives and
discovered that one of the wells in the village is contaminated. Based on this,
he/she tries to determine if the contaminated water caused the rash by examining
several natives for a skin rash and asking if he/she drank from the water. In
experiments 1-3, the results were available to participants in the form of
summarized covariation information. In the fourth experiment, we presented the
cases one by one. We asked participants to judge on a scale how confident they
are that there is a causal relationship between the contaminated water and the
rashes. The lowest value of the scale meant that they are confident that there was
no causal relationship, and the highest value implied confidence that there was a
causal relationship.

In our experiments, we manipulated the characteristics of the covariation
information available to the participants. In experiments 1 and 3, we
manipulated the probability of the consequence (skin rashes) given the presence
or absence of the antecedent (drinking from the contaminated water) — in
experiment 1, the number of available cases was low, whereas the covariation
information in experiment 3 contained significantly more cases. In experiment 2,
the probability of the consequence given the absence of the antecedent and the
number of available cases were manipulated. In experiment 4, we manipulated
the difference in the probability of the consequence given the presence and
absence of the antecedent so that from a normative point of view, the covariation
information indicated a generative causal relationship, a preventive causal
relationship, or no relationship at all.

Results listed as theses

Thesis 1:

The ROT model can be considered a possible valid explanation for
covariance-based causal learning (causal induction) and may be
suitable for examining the characteristics of human causal learning.

In re-analyzing the reports found in the literature, we found that the
estimates of the ROT model showed an adequate fit to the judgments made by
the study participants. In both experiments of Griffhts and Tenenbaum (2005),
we found that the ROT model ranked each covariation information in the same
way as the vast majority of participants. Thus the fit judged on an ordinal scale



was perfect. In Lu et al.'s (2008) experiment, the estimates given by the ROT
model represented a particularly good explanatory power in predicting the
participants' judgments ( R°=0,95-0,99 ). It is important to note that this was
achieved by considering the number of cases available in the covariation
information so that we examined the conditions where the covariation
information contained a small number of cases and those that contained a large
number separately. In the experiment of Saito and Shimazaki (2013), the ROT
model was able to predict the most common responses of the participants in
most of the 15 covariation information used in the experiment. Thirteen
responses were accurately predicted by the estimates of the ROT model, which
indicates a high level of agreement ( Cohen—féle x=0,8 ).

In two of our experiments, the estimates of the ROT model proved to be
suitable for predicting participants' responses to different covariation
information and showed a very good fit to the participants’ mean responses (

R’=0,89-0,95 ). In our second experiment, where we also manipulated the
number of cases in the covariation information, we found a worse fit. Based on a
closer examination of the results, participants may have made less use of the
information provided by the number of cases than the ROT model. When we
considered the number of cases, the estimates of the model ranked in the same
way as the participants' responses.

The findings with Lu et al.’s (2008) experiment and our second
experiment also suggested that the ROT model attributes much more importance
to the amount of data available than the participants. The model’s estimates
were much more polarized, more extreme when there were more data in the
covariation information.

Thesis 2:

In causal learning, we underestimate the role of the amount of data
available; we do not make full use of the information it contains.

In both our second experiment and a re-analysis of Lu et al.’s (2008)
experiment, we found that the estimates of the ROT model showed poor or
moderate fit to the study participants’ responses. The fit proved to be moderate (

R’=0,62 ) in the experiment of Lu et al. (2008), whereas in our second
experiment, it was especially bad ( R’=0,02 ). In both cases, however, we
observed that participants’ responses did not show the polarization of judgments



that we would have expected from the estimations of the ROT model, according
to which causal judgments become more extreme as the number of cases
increases. Considering the number of cases in the covariation information, i.e.,
checking the fit separately for covariation information containing different case
numbers, it proved to be excellent for both studies. Given that the ROT model
embodies a normatively optimal solution for causal induction, such a change in
the fit may suggest that the participants did not fully utilize the information in
the number of cases available in the covariation information.

Thesis 3:

The generalizability of the ROT model is limited to the online
learning situation, where the cases that make up the covariation
information arrive one at a time and are not available in a summarized
form.

In the fourth experiment, the ROT model estimates were derived as
proposed by Danks et al. (2003), during which an estimate was given in each
step based on complete covariation information containing the frequencies of all
the different types of cases, and these frequencies were updated in each step
with the new case.

In this experiment, we found that the learning curves calculated from the
participants' judgments showed similarities to the learning curves estimated by
the ROT model in the different conditions. However, we also observed the
fundamentally conservative nature of participants' responses compared to the
ROT model. The estimates of the ROT model showed moderate correlations
with the learning curve of individual participants.

References

Chater, N., & Oaksford, M. (2008). The probabilistic mind: prospects for
Bayesian cognitive science. Oxford University Press.

Cummins, D. D. (1995). Niive theories and causal deduction. Memory &
Cognition, 23(5), 646—658.

Cummins, D. D., Lubart, T., Alksnis, O., & Rist, R. (1991). Conditional
reasoning and causation. Memory & Cognition, 19(3), 274-282.



Danks, D. (2009). The psychology of causal perception and reasoning. In H.
Beebee, C. Hitchcock, P. Menzies (szerk.), Oxford handbook of causation
(pp. 447-470), Oxford University Press.

Danks, D., Griffiths, T. L., Tenenbaum, J. B. (2003). Dynamical causal learning.
In S. Becker, S. Thrun, K. Obermayer (szerk.), Advances in Neural
Information Processing Systems 15 (pp. 67-74), The MIT Press.

Dennis, M. J., & Ahn, W. K. (2001). Primacy in causal strength judgments: the
effect of initial evidence for generative versus inhibitory relationships.
Memory & Cognition, 29(1), 152—164.

Frosch, C. A., & Johnson-Laird, P. N. (2011). Is everyday causation
deterministic or probabilistic. Acta Psychologica, 137(3), 280-291.

Glymour, C. (2003). Learning, prediction and causal Bayes nets. Trends in
Cognitive Sciences, 7(1), 43-48.

Griffiths, T. L., & Tenenbaum, J. B. (2005). Structure and strength in causal
induction. Cognitive Psychology, 51(4), 334-384.

Griffiths, T. L., & Tenenbaum, J. B. (2009). Theory-based causal induction.
Psychological Review, 116(4), 661-716.

Holyoak, K. J., & Cheng, P. W. (2011). Causal learning and inference as a
rational process: the new synthesis. Annual Review of Psychology, 62,
135-163.

Joyce, J. (1999). The foundations of causal decision theory. Cambridge
University Press.

Keil, F. C. (2003). Folkscience: coarse interpretations of a complex reality.
Trends in Cognitive Sciences, 7(8), 368-373.

Keil, F. C. (2006). Explanation and understanding. Annual Review of
Psychology, 57, 227-254.

Kelley, H. H. (1973). The process of causal attribution. American Psychologist,
28(2), 107-128.



Kurucz, Gy. (2010). Diagnosztikus kovetkeztetések vizsgalata ismert oksagi
kapcsolatok esetén. In Vass Z., Tekler V. (szerk.), I. Orszagos
Alkalmazott Pszichologiai Konferencia (pp. 129-134), Papirusz Book
Kiado.

Lagnado, D. A., Waldmann, M. R., Hagmayer, Y., & Sloman, S. A. (2007).
Beyond covariation: cues to causal structure. In A. Gopnik, L. Schulz
(szerk.), Causal learning: Psychology, Philosophy, and Computation (pp.
154-172), Oxford University Press.

Lu, H., Yuille, A. L., Liljeholm, M., Cheng, P. W., & Holyoak, K. J. (2008).
Bayesian generic priors for causal learning. Psychological Review,
115(4), 955-984.

Luhmann, C. C., & Ahn, W. K. (2011). Expectations and interpretations during
causal learning. Journal of Experimental Psychology: Learning, Memory,
and Cognition, 37(3), 568-587.

Michotte, A. (1963). The perception of causality. Methuen.

Piaget, J. (1930). The child’s conception of physical causality. K. Paul, Trench,
Trubner & Company Limited.

Saito, M., & Shimazaki, T. (2013). Interpreting covariation in causal structure
learning. In M. Knauff, M. Pauen, N. Sebanz, I. Wachsmuth (szerk.),
Proceedings of the 35th Annual Meeting of the Cognitive Science Society
(pp. 3348-3353), Cognitive Science Society.

Schulz, L. E., & Sommerville, J. (2006). God does not play dice: causal
determinism and preschoolers’ causal inferences. Child Development,
77(2), 427-442.

Sloman, S. A., & Hagmayer, Y. (2006). The causal psycho-logic of choice.
Trends in Cognitive Sciences, 10(9), 407—412.

Steyvers, M., Tenenbaum, J. B., Wagenmakers, E., & Blum, B. (2003). Inferring
causal networks from observations and interventions. Cognitive Science,

27(3), 453-489.



White, P. A. (1995). The understanding of causation and the production of

action. Erlbaum.



W _ DEBRECENI EGYETEM
N% DEBRECENI

EGYETEMI ES NEMZETI KONYVTAR
H-4002 Debrecen, Egyetem tér 1, Pf.: 400
EGYETEM

Tel.: 52/410-443, e-mail: publikaciok@lib.unideb.hu

Nyilvantartasi szam:  DEENK/172/2021.PL
Targy: PhD Publikaciés Lista

Jelolt: Kurucz Gy6z6

Doktori Iskola: Human Tudomanyok Doktori Iskola
MTMT azonosito: 10036535

A PhD értekezés alapjaul szolgal6 k6zlemények

Magyar nyelvld kényvrészletek (2)

1. Kurucz, G.: Rendszerszemlélet, Iényeglatas.

In: Vezetd-kivalasztast szolgaléd kompetencia alapu tesztek leirasa. Szerk.: Miinnich Akos

Balazs Katalin, Hégye-Nagy Agnes, Belligyminisztérium, Budapest, 105-110, 2014. ISBN:
9789639208407

2. Kurucz, G.: Torténelmi jelenségekkel kapcsolatos oksagi gondolkodas - attekintés
In: A nemzeti emlékezet vizsgalatanak pszicholdgiai szempontjai. Szerk.: Miinnich Akos
Hunyady Gydrgy, ELTE Edtvds Kiadd, Budapest, 171-190, 2010. ISBN: 9789633120354

Magyar nyelvi tudomanyos kdzlemények hazai folydiratban (2)

3. Minnich, A., Kurucz, G.: Munkakoéri alkalmassagvizsgalat a Diagramok teszttel: rendszerkezel6k
tesztelése.

Alk. Pszichol. 15 (2), 133-146, 2015. ISSN: 1419-872X.
DOI: http://dx.doi.org/10.17627/ALKPSZICH.2015.2.133

4. Kurucz, G., Minnich, A.: A deduktiv gondolkodasi képesség mérése: a Logikai Betlisorok teszt
Alk. Pszichol. 10 (1-2), 115-129, 2008. ISSN: 1419-872X.

Magyar nyelvi konferencia kézlemények (1)

5. Kurucz, G.: Diagnosztikus kdvetkeztetések vizsgalata ismert oksagi kapcsolatok esetén
In: I. Orszégos Alkalmazott Pszicholégiai Phd Konferencia. Szerk.: Vass Zoltan, Tekler




W _ DEBRECENI EGYETEM
N% DEBRECENI

EGYETEMI ES NEMZETI KONYVTAR
H-4002 Debrecen, Egyetem tér 1, Pf.: 400
EGYETEM

Tel.: 52/410-443, e-mail: publikaciok@lib.unideb.hu

Tovabbi kozlemények

Magyar nyelvi kényvek (1)

6. Mez6, F., Kurucz, G.: Az APM-intelligenciateszttel kapcsolatos vizsgalati tapasztalatok a

Debreceni Egyetem tehetséggondozé programjaban 2002-2008 k6zott. Matehetsz
Budapest, 22 p., 2014. (Géniusz mihely, ISSN 2064-5449 ; 4.)

Magyar nyelvld kényvrészletek (3)

7. Abari, K., Balazs, K., Hégye-Nagy, A., Kurucz, G., Miinnich, A.: A KVKteszt leirasa és alapvetd
jellemzéi.

In: Tanulmanykoétet a belligyi vezetd-kivalasztasi eljarasrol. Szerk.: Heged(is Judit
Belligyminisztérium, Budapest, 67-87, 2014. ISBN: 9789639208391
8. Miinnich, A., Kurucz, G.: Szakmai ismeret.

In: Vezeté-kivalasztast szolgalé kompetencia alapu tesztek leirdsa. Szerk.: Miinnich Akos

Balazs Katalin, H6gye-Nagy Agnes, Belligyminisztérium, Budapest, 26-28, 2014. ISBN:
9789639208407

9. Hégye-Nagy, A., Kurucz, G.: Vienna Test System kapcsolodo tesztjeinek bemutatasa
In: Vezet6-kivalasztast szolgald kompetencia alapu tesztek leirasa: KVKteszt Komplett

vezeté-kivalasztasi tesztrendszer. Szerk.: Miinnich Akos, Balazs Katalin, Hgye-Nagy Agnes
Belligyminisztérium, Budapest, 110-115, 2014. ISBN: 9789639208407

Idegen nyelvd, kulféldi kdnyvrészletek (1)

10. Kérmendi, A., Kurucz, G.: The role of temperament and near-miss in playing a simulated slot
machine: The case of betting behavior.

In: Psychology of Gambling: New Research. Ed.: A. E. Cavanna, Nova Science Publishers
Hauppage NY, 139-148, 2012. ISBN: 9781621005032

Magyar nyelvid tudomanyos kdézlemények hazai folydiratban (6)

11. Molnar, A., Péter-Szarka, S., Kurucz, G.: A matematikai szorongas vizsgalata a célorientacios
elmélet keretében.

Alk. Pszichol. 20 (1), 31-55, 2020. ISSN: 1419-872X.
DOI: http://dx.doi.org/10.17627/ALKPSZICH.2020.1.31 /

12. Nétin, A., Paskuné Kiss, J., Kurucz, G.: A Tantargyi szorongas kérdéiv bemutatéﬁﬁ}a
Alk. Pszichol. 15 (4), 109-131, 2015. ISSN: 1419-872X. ¢

>
DOI: http://dx.doi.org/10.17627/ALKPSZICH.2015.4.109 N

.‘ \ \ &:Qr/'iﬁ
13. Papp, G., Kurucz, G., Minnich, A.: Koordinaciés képességek a kivalasztasi folyamatban

Munkatigyi Szemle. 5, 62-73, 2015. ISSN: 0541-3559.



W DEBRECENI EGYETEM
N 7‘ D E B R E C E N I EGYETEMI ES NEMZETI KONYVTAR

H-4002 Debrecen, Egyetem tér 1, Pf.: 400
EGYETEM Tel.: 52/410-443, e-mail: publikaciok@lib.unideb.hu

14. Adorjani, B., Kurucz, G.: Uj norma a réviditett California Psychological Inventory (S-CPI)
személyiségteszthez.
Munkaligyi Szemle. 5, 70-83, 2014. ISSN: 0541-3559.

15. Nétin, A., Paskuné Kiss, J., Kurucz, G.: A matematikai szorongas személyen beliili tényezdinek
vizsgalata kozépiskolas tanuldknal.

Magyar Pedagégia. 112 (4), 221-241, 2012. ISSN: 0025-0260.

16. Kérmendi, A., Kurucz, G.: A "majdnem nyertem" jelenség vizsgalata nem szerencsejatékos
mintan.
Pszicholdgia. 30 (4), 335-348, 2010. ISSN: 0230-0508.

Idegen nyelvi tudomanyos kézlemények hazai folyéiratban (1)
17. Kérmendi, A., Csinady, A., Kurucz, G., David, B.: Close-to-win evaluations are affected by the
outcome and delay between stopping the wheels in slot machines.
Psychiatr Hung. 33 (4), 340-346, 2018. ISSN: 0237-7896.

Idegen nyelvi tudomanyos kdzlemények kiilfoldi folydiratban (1)

18. Kurucz, G., Kérmendi, A.: Can we perceive near miss?: An empirical study.
J. Gambl. Stud. 28, 105-111, 2012. ISSN: 1573-3602.
DOI: http://dx.doi.org/10.1007/s10899-011-9240-6
IF: 1.473

Magyar nyelvi konferencia kézlemények (1)

19. Fabian, B., Bolimann, A. K., Kurucz, G., Holld, G.: Az aggddas, a betegségpercepciok és a
szomatizacié egyetemistak kdrében.
In: PEME XIlI. Ph.D Konferencia. Szerk.: Koncz Istvan, Szova llona, Professzorok az Eurdpai
Magyarorszagért Egyesilet, Budapest, 57-64, 2016. ISBN: 9789638991577

Magyar nyelvi absztrakt kiadvanyok (3)

20. Molnar, A., Péter-Szarka, S., Kurucz, G.: Kdzépiskolasok matematikai szorongasanak és
teljesitményének vizsgalata a célorientaciés elmélet keretében.
In: Osszetart a sokszinliség : A Magyar Pszicholdgiai Tarsasag XXVIII. Orszagos
Tudomanyos Nagygyilése. Programflizet. Kiadta: a Debreceni Egyetem <G
Bolcsészettudomanyi Kar Pszicholdgiai Intézet, Magyar Pszichiatriai TarsasaéBudape§t "g,\

£ Ll\[

[ % T
211, 2019. ‘/1 ’».',":"r 2
21. Kisfaludy, L., Kurucz, G., Csorsz, |.: A gyaszfeldolgozas nemi kildnbségei. \i\/'%
In: Mult és jelen 6sszeér: Magyar Pszicholdgiai Tarsasag XXV. Jubileumi OrsEé}gos S
N
Tudomanyos Nagygyilése: Kivonatkétet / fel. szerk. Vargha Andras, Magyau: Psz@he[é@i‘aii/’

Tarsasag, Budapest, 353-354, 2016. ISBN: 9786158024129



W DEBRECENI EGYETEM
N 7‘ D E B R E c E N I EGYETEMI ES NEMZETI KONYVTAR

H-4002 Debrecen, Egyetem tér 1, Pf.: 400
EGYETEM Tel.: 52/410-443, e-mail: publikaciok@lib.unideb.hu

22. Kérmendi, A., Kurucz, G.: A majdnem nyertem masodlagos megerdsités és a temperamentum
kapcsolata szerencsejaték helyzetben.
In: A tudomany emberi arca : a Magyar Pszicholdgiai Tarsasag XXI. Orszagos tudomanyos
nagygyllése / fel. szerk. Vargha Andras, Magyar Pszicholdgiai Tarsasag, [Budapest], 93,
2012. ISBN: 9789638791566

Idegen nyelvi absztrakt kiadvanyok (1)

23. Bodonyi, A. B, Kurucz, G., Hollo, G., Kunkli, R.: Implementing a barycentric coordinates-based
visualization framework for movement of microscpoic organisms.
In: The 1st Conference on Information Technology and Data Science. Ed.: Fazekas Istvan,
Hajdu Andras, Debreceni Egyetem, Debrecen, 40-42, 2020.

A kozl6 folydiratok dsszesitett impakt faktora: 1,473
A kozl6 folyobiratok 6sszesitett impakt faktora (az értekezés alapjaul szolgalé kdézleményekre): 0

A DEENK a Jelolt altal az iDEa Tudodstérbe feltoltétt adatok bibliografiai €s tudomanymetriai

ellendrzését a tudomanyos adatbazisok és a Journal Citation Reports Impact Factor lista alapjan
elvégezte.

Debrecen, 2021.04.08.




	The aim of the dissertation, definition of the topic
	Applied methods
	Results listed as theses
	Thesis 1:
	Thesis 2:
	Thesis 3:
	References


