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PREDICTING GIVE-UP DECISIONS BASED ON OBJECTIVE INDICATORS

Holubets T., Medykovskyy M. Predicting give-up decisions based on objective indicators. Despair and loss of
control are critical moments in a person’s state. Despite the importance of such emotions, this issue has not been sufficiently studied.
The challenge is that each person is unique, and our behavior depends on a large number of factors. Chess is one of the few domains
that allows us to analyze a person’s desire to stop a certain activity. This sport discipline allows players to resign and clearly defines
several key factors: the time available for decision-making, the complexity or hopelessness of the position the player is in, and the
skill level of the opponents. This work aims to identify the features of admitting defeat by players of different skill levels and under
different time constraints, using an LSTM model to predict resignation based on the sequence of moves. This approach allows us
to predict the player's decision not only based on the situation at a specific moment, but also taking into account previous steps.
While the trained model does not reach high accuracy, it shows the limit of prediction based only on objective factors. The results
also demonstrate behavioral differences across skill levels: professional players resign about 15 percentage points more often than
beginners, but they usually make about five more moves before making this final decision. The study is limited to considering
events within only one game and does not take into account the possible influence of the results of previous matches. The general
mood and internal state of the person at the time of decision-making are also not taken into account, the prediction is made only on
the basis of clearly measured chess parameters.

Keywords: LSTM neural network, chess data analysis, sequence of decisions, behavioral modeling, resignation
prediction.

Toay6ens T. P., Meaukoschkuii M. O. IIporno3yBaHHs# pillieHb PO BiTMOBY HAa 0CHOBi 00'€KTHBHHUX IIOKA3HHUKIB.
OpHEM 13 KPUTHYHUX NIPOSIBIB CTaHy JIIOAWHM € BiqUail 1 BIATYTTS BTpaTu KOHTpoir0. He3Baxkaroun Ha BaXKIIMBICTh TaKUX MO,
1€ MUTaHHA JOCTIiDKEHE HeJoCTaTHRO. [Ipobiema aHai3y CTaHy JIFOAMHY HOJITAE B YHIKAIFHOCTI KOXKHOTO 3 HAC 1 TOMY, IO Hamla
TIOBE/IIHKA 3aJI€XKUTH Biff 6aratbox ¢akropis. Illaxu € oxmieio 3 HebaraTbox chep, o O3BOIISIE IPOaHai3yBaTh OaKaHHS JTIOAWHH
MIPUNMHATH BUKOHAHHS 1eBHOI fii. Lle#t Bux cnopty nepenbadae MOXKIMBICTE BU3HATH ITOPA3Ky 1 YiTKO BU3HAYA€ KiJJbKa OCHOBHHUX
(haxTopiB, 10 MOKYTh BIUIMBATH: Yac Ha IPUHHATTS PillIeHHs, CKJIaJHICTh UM Oe3HaAIHICT MO3MUIi, B SIKiif 3HAXOJUTHCS IPaBEIlb,
Ta piBeHb HABHMYOK OIOHEHTiB. PoOoTa Mae Ha MeTi BM3HAUMTH OCOOJIMBOCTI BU3HAHHS ITOPA3KH TPaBISIMH 3 PI3HUM piBHEM
MaiCTEePHOCTI Ta 3a Pi3HUX YaCOBUX 0OMexeHb. [ MpOorHo3yBaHH BU3HAHHS ITOPAa3KH Ha OCHOBI ITOCTIJOBHOCTI XO/IiB HABUCHO
MOJIENb Ha OCHOBI peKypeHTHOI HeliponHo1 Mepesxxi LSTM. Lle# miaxizn 103Bosisie IepeadadnTH pillieHHs IpaBIs HE JIUIIE HAa OCHOBI
00CTaBHH y KOHKPETHHI MOMEHT, ajie i BpaxyBaTH nomnepenni xoiau. [IporHo3yBaHHS Ha OCHOBI JHIIE 00’ €KTHBHUX IMAXOBHX
MMOKA3HUKIB € 0OMEXXEHIM, 10 MiATBEPIKEHO TOMIPHOIO TOYHICTIO HABYEHOI MOJIeNi. Takok aHalli3 MOKa3aB Pi3HUIIO B TOBEIHIII
MDK TPaBIIIMH 3 PI3HUM piBHEM TI'pH: MpodecioHay BU3HAIOTh MOpa3Ky MPUONM3HO Ha 15 BiACOTKOBHX IYHKTIB dacTimle, HiX
MOYAaTKIBI, aJie pOOIATH IPHOIM3HO HA 5 XOAIB OibIIe epe ] UM GiHAIBHAM pimeHHsIM. JoctimpKeHHs oOMeXeHe BpaxyBaHHIM
TIOAiH JIHIIIe B MeXax OfHi€l mapTii 1 MOTeHIIIMHII BIUIMB pe3yIbTaTiB IONEPeIHIX MOEINHKIB HE PO3TIIAAAETECS. BrmB HacTporo
Ta BHYTPIIIHBOTO CTaHy JIIOAUHN B MOMEHT ITPUIHATTS PIlIEHHS TAaKOX HE OI[IHCHO, IIPOTHO3yBAHHS BUKOHYBAJIOCS] BUKIIIOUHO Ha
OCHOBI THX IIIAXOBHX MapaMeTpiB, IO YITKO BUMiPIOIOTHCSI.

Kurouosi ciioBa: HeiiponHa Mepeka LSTM, aHaini3 maxoBUX JaHUX, TOCTIIOBHICTH PIillICHb, MOJICIIFOBAHHS ITOBEIIHKH,
IIPOTHO3YBAaHHS PIllIEHHS PO BU3HAHHS TOPa3KH.

Statement of the scientific problem. Modern automated systems already replace humans in some
decision-making tasks or, at least, provide support for a responsible operator. Although the main focus is
on improving the system itself, understanding the features of the human decision-making process is
essential for effective combination of software and manual work. For example, the significant change in
human behavior when we interact with decision support systems, especially systems with Al, was already
highlighted by multiple scientists [1-3]. Another direction of possible performance enhancement could be
detecting moments when people are no longer ready to continue, lose control, motivation or belief in the
ability to solve the problem. The decision to stop an activity or admit defeat is one of the critical forms of
human decision-making.

Predicting moments of critical decline in confidence or motivation could prevent possible loss of
control during work duties, declining interest during studies or premature withdrawal in competitive
activities, like professional sports. The main challenge of human behavior analysis is inconsistency,
dependence on personality, mood and inner state. At the same time decisions are not always comparable or
objectively measurable.

Although there are many domains in which people could choose to give up, a consistent recording
of human decisions is relatively rare. Sports matches stand out in decision documenting, especially the ones
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that are held online. Special websites or systems save each stage of the contest, for example the moves of
chess games. Clear rules, the ability to resign, and the availability of sequential data make chess a good
domain for analysis of human behavior. Each match can be described by objective parameters: experience
of opponents, time control, result, evaluation of each move and time spent on it. At the same time, a game
lasts dozens of moves, which makes it possible to consider not only a single decision and its outcome, but
a sequence of them.

The scientific problem lies in the limited understanding of human decision-making processes and
in determining the upper limits of prediction accuracy achievable using only measurable and comparable
factors. The research is focused on resignations in chess games and this decision is presented not as a
random whim, but as a result of changes in position evaluation, mistakes measured through changes in
engine evaluation, the complexity of finding the best move and time pressure.

The aim of the study is to formalize the process of resignation decision-making in chess, analyze
the influence of objective factors across different groups of players, and train a predictive model for
estimating the probability of resignation based on a sequence of moves.

Research analysis. The problem of understanding human decision-making is relevant for the
current state of information technologies, especially for decision support systems and research of our
collaboration with Al. There are many studies that demonstrate how time pressure, motivation, level of
confidence in a system and the way of presentation influence human reaction to the suggestion. At the same
time these studies indicate that human behavior cannot be explained only by objective task parameters [1-
3]

Chess data is a good domain for analysis of human decisions, because of strict rules and the amount
of collected data. In the [4] article data of chess games were used for research on human error. The authors
highlighted such factors as skill of the decision-maker, time available to make the decision and difficulty
of the situation. One of the main discussions in the study was the choice of objective indicator for
description of difficulty of the decision. Anderson et al. [4] chose only positions with limited number of
pieces, which has calculated scenarios and could be undoubtedly evaluated. However, Acher et al. [5] used
the engine-based approach. They analyzed 270 million unique positions by the Stockfish chess engine with
depth 20 [5] . Therefore, previous studies support the use of chess data as a source of human decisions that
are recorded, evaluated and compared.

While chess provides a list of decisions the order of them matters as well. Drezewski and Wator [6]
described chess as sequential data and used LSTM-based models to predict the result of the game. The
achieved accuracy close to 69% shows the importance of considering the order of moves. Studies in other
domains also show that individual differences in behavior are easier to capture in sequential decision-
making data, as each choice is not isolated, but usually is the result of previous actions. Abbaszadeh et al.
[7] analyzed the behavior of 1001 participants in a restless three-armed bandit task and showed that
individual differences in decision-making become visible through sequential behavior, especially through
the tendency to explore new options or exploit already known ones.

The [8] research is focused on reaction to a loss during chess tournaments. It is highlighted that
men play less accurately, start with riskier options and more often are ready to leave the tournament, while
women usually keep the same level or even improve their performance. The [8] paper demonstrates the use
of chess data as a source of failure analysis, although the comparison of genders is described the most.
Dilmaghani [9] also showed the difference between male and female reactions to a loss to a specific
opponent. This study demonstrates that resignation or agreed draw is a very common outcome of the game
and our decisions could be influenced not only by the position of the pieces, but by social and psychological
factors, such as competitiveness, overconfidence, risk tolerance or stereotypes.

The mentioned articles show that chess could be used for research of human behavior in general
and the nature of resignation in particular. They also support the importance of analyzing moves as a
sequence to be able to capture additional patterns. However, the specific problem of predicting resignation
based only on objective chess indicators is not sufficiently studied. Since the choice to give up determines
the end of the game, the approach of deep recurrent survival analysis can be used. Ren et al. [10] described
this method for time-to-event data. The survival analysis allows researchers to model the probability of an
event during a certain period of time, so the task can be described as discrete-time hazard problem -
predicting resignation within the next K plies in the chess game.

Presentation of the main material and substantiation of the obtained research results. The
source of chess games used in this study is Lichess Open Database [11], which contains all games played
on the Lichess platform and makes them publicly available. The first step of data preparation is transforming
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data into a tabular form, because Lichess stores games in Portable Game Notation (PGN) format. Each
match is divided into multiple rows, where each row corresponds to one ply - half-move made by one player.
For standardization of input sequences only games with 20 to 200 plies were used. Discarding a small
portion of the shortest and longest matches allows the model to use at least 20 previous decisions and
remove potentially unrepresentative cases.

Each ply is described by player-related, game-related and move-related features that are presented
in Table 1.

Table 1. Objective parameters of each ply

Category Feature Units of measurement
Experience ELO rating of white player rating points
Experience ELO rating of black player rating points
Complexity Change in engine evaluation | centipawns
Complexity Engine evaluation after the | centipawns
ply
Time pressure Time spent on the ply seconds
Time pressure Time left after the ply seconds
Auxiliary parameter | Current ply index ply number
Auxiliary parameter | Piece color of the side to | binary categorical variable
move

The decision to resign occupies a special place in chess because it is not a separate move, but it
determines the end of the game. Because of this each move is also assigned a label indicating whether
resignation would occur soon. However, the resignation was not treated as an immediate fact, but was
framed as a discrete-time hazard problem. With the aim to use the trained model for estimation of the
probability of resignation within the next K=5 plies of the mover, data is labeled in this horizon of 5 plies.
This approach creates an indicator of near-future concession and allows us to predict the risk of critical
decision based on current situation, not only classify the finished game. After conducting experiments for
all values from 1 to 10 for K, the best results were obtained at K=5 - optimal number of plies for hazard
framing. It is harder to catch resignation early enough with smaller K, but the label is too broad with bigger
K.

The tendency to give up during a match varies from player to player and depends on the
circumstances of the day or mood. Despite inability to consider all factors, it is possible to analyse
dependence on multiple measurable parameters, for example skill level. Three categories of players are
chosen using their ELO rating at the time of the game: beginner, amateur and professional. Table 2 shows
that beginners resign the least often across the three groups and the most experienced players are the most
likely to admit defeat.

Table 2. Resignation Statistics Across ELO Skill Groups

Skill level | ELO range | Resignation | Average moves Resignations % on
rate, % | before resignation | low time (< 10 seco

nds)

Beginner 0-1399 35.03 27.63 1.91
Amateur | 1400-1999 45.88 30.81 3.08
Pro 2000+ 50.22 32.87 8.26

The comparison also demonstrates the impact of time pressure - time pressure appears to have a
weaker effect on players with low ELO ratings, but has a stronger influence on professionals. Another
metric of resignation choice is an average number of moves before making a decision to admit defeat -
game duration is growing with the increase of average experience level of opponents as shown in Table 2
and Figure 1.
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Fig. 1. Proportion of games resigned on move X, grouped by skill level

Additionally the analysis revealed correlation between blunders (more than 300 centipawns) and
willingness to admit defeat. Large mistakes sharply increase the probability of resignation, but the chances
are approximately 5% lower in games when both players make at least one blunder during the first dozen
moves.

Since a game can be presented as a sequence of decisions, the resignation may depend not only on
the final position, but also on the trajectory of previous moves. The use of Long Short-Term Memory
(LSTM) network is a good fit to understand long-term patterns. The proposed LSTM model accepts a
sequence of ply-level features, has 32 hidden dimensions, followed by an 8-unit dense layer with ReLU
activation, and a sigmoid output layer. The model is trained using the binary cross-entropy loss function
and optimized with the Adam optimizer. Batch size for training is set to 32. The model with these
hyperparameters achieved convergence in approximately 10 epochs as early stopping was applied to
prevent overfitting.

The trained model achieves an ROC-AUC of 0.746 and an accuracy of roughly 68% within the
horizon of 5 plies. The values of precision and recall are close to balanced for both resignation and non-
resignation scenarios. The exact validation results of the model are shown in Table 3.

Table 3. Model metrics

Class Precision Recall F1-score
No resignation 0.7213 0.6816 0.7009
Resignation 0.6306 0.6737 0.6515

The ROC-AUC value of 0.746 is significantly higher than a random baseline of 0.5 - the difference
is shown in Figure 2. This result highlights that objective indicators are informative but insufficient for
explaining all patterns of resignation behaviour.
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Fig. 2. Receiver Operating Characteristic (ROC) Curve

While the model is not able to classify all situations correctly, it is expected as the decision to admit
defeat could not always be explained by objective indicators only. At the same time, the distribution of
predicted resignation probabilities, shown in Figure 3, highlights that the model is able to find most of the
sequences that lead to game continuation and identify history of moves that ended in a concession with
higher confidence.

s No Resignation
Resignation

Density

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Predicted Probability

Fig. 3. Model Output Distribution for Resignation vs. Non-Resignation

The distribution of model output demonstrates the model’s ability to separate situations from chess
games, as most of the plies marked as non-resignation have low probability of defeat admission and vice
versa. As the behavior of players varies for different skill groups the comparison of results shows whose
decisions are more likely to be predictable. Figure 4 highlights that the model often assigns very low
resignation probabilities (less than 10%) for games of beginners, but the density in the mid-probability
range is lower than for professional players. On the other hand, sequences from beginner games still
produce a larger share of false positives, as players at this level make more mistakes, so the chance of
comeback is higher and it may be more reasonable for them to continue playing until the end.
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Situations in which stronger players resign are less straightforward as even a small mistake could
be enough to lead to a decisive defeat at this level. Distribution of probabilities in Figure 4 demonstrates
that the model uses a wider range for professionals - from 0 to 0.8.
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Fig. 4. Predicted resignation probability distributions by player skill level:
(a) beginner group (ELO < 1400) and (b) expert group (ELO > 2000)

These results indicate that resignation is formed not only by the evaluation of the board position,
but by the sequence of decisions, accumulated mistakes, difference in experience and time pressure. The
calculation of the saliency of all plies except the last 5 revealed that in less than half of the games last 5
plies account for more than 50% of total saliency. This fact emphasizes that it is important to analyze move
history to catch more patterns, especially working with a limited number of measurable parameters.

Conclusions and prospects for further research. This research investigated resignation decisions
in chess, as a domain that enables formalized modeling of human give-up behavior. There are a lot of factors
that influence a person’s choice, but in most cases it is a complicated task to collect and compare indicators
of a cognitive state. For this reason only objective parameters were used to estimate the practical limits of
prediction accuracy that can be achieved without information about general character traits and current
mood.

The theoretical contribution of the research lies in the formalization of resignation decision in chess,
the analysis of tendencies of various groups of players and estimation of the accuracy that can be achieved
in prediction of human behavior-related tasks. The practical results could be used in live broadcasts of chess
matches as an additional indicator of a possible outcome - resignation. On the other hand, conclusions from
this research could be used for describing human behavior in other spheres after domain-specific validation.

This study presents an approach for preprocessing chess data and transforming it from a PGN-
formatted game records to ply-level features in tabular form. The statistical analysis showed noticeable
differences between beginners and professional players in fraction of games that end in resignation, the
number of moves a player usually makes before this critical decision and impact of significant time pressure.
The comparison of players by skill groups revealed that more experienced people are more likely to
recognize an irreversible disadvantage and admit it in more than 50% of matches, but they tend to do so
later.

The LSTM model was trained using different hazard horizons and it showed the best results with
K=5. The achieved ROC-AUC of 0.746 and 68% of overall accuracy demonstrate that the model performs
above a random level, but it has moderate accuracy as objective indicators cannot fully explain the nature
of human decisions. The benefit of using sequential data and the LSTM model as a method that can capture
patterns in the history of moves was supported by saliency analysis. This check showed that in 53% of
analyzed sequences, more than half of the total saliency was attributed to plies other than the last five.

The main limitation of this research was considering only measurable and comparable parameters
and ignoring character traits, emotions, mood or level of motivation to win. Additionally, each game was
treated as a separate event, so the influence of previous results could not be analyzed. The recent comeback
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or a desire to prove one’s own strength against a certain opponent obviously could be the reason for making
different decisions in the same positions, so the use of some factors of inner state could be an essential
future improvement. Several directions for further research can be identified, for example analysis of the
impact of winning or losing streaks and considering decisions made in previous games. Another way of
chess-specific improvement is the comparison of different types of match ending: resignation, checkmate,
timeout, draw by stalemate or insufficient material. On the other hand, the evaluation of different methods
of predictions could be done. Moreover, the future challenge is testing the transfer of conclusions from the
chess domain to other spheres, where data collection is more complicated.

The obtained results show that objective indicators have a measurable impact on human decisions
and it is possible to predict some aspects of our behavior based only on these factors. At the same time,
models trained on such limited data should be considered not as perfect tools, but as an instrument for early
identification of risky situations. The uncertainty of the proposed model only highlights the human
component and reflects the variability of individual decision-making.
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