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ABSTRACT 

The present work provides an AI-driven move-level chess analysis decision support framework which is transparent and 

repeatable. The framework incorporates the Stockfish chess engine as a quantitative evaluation component and adds a 

structured analytical layer which transforms the engine evaluations into interpretable move classification and human-

readable explanations. During each move, the framework is able to compute the centipawns changes of evaluation by 

normalizing the scores with respect to the mover and to categorize the moves within the pre-defined classes, with the use 

of fixed and well-documented thresholds, such as good, neutral, inaccuracy, mistake, and blunder. The evaluation changes 

are connected to observed properties of the board, e.g. material changes, captures, checks, and the size of the evaluation, 

by using a deterministic rule-based explanation layer. A deterministic material-based fallback mechanism is also provided 

which ensures analytical operations in the absence of engine evaluation. The modular design allows the separation of 

position parsing, engine evaluation, position classification, explanations, and visualization, enabling transparency and 

reproducibility. The operation of the framework is demonstrated through a representative example of playing chess and 

repeated run consistency checks in an experimental analysis. The results show that output of evaluation, classification, 

and explanation are consistent when the input and configuration are identical. However, all the proposed explanations are 

limited to the specific characteristics of the board that can be seen and these explanations are not explanations of the kind 

of thought that would happen in the mind of the chess engine itself. Similarly, leveraging the hard-coded cut-off for the 

delta for the centipawns per move was not reflective of context-dependent and/or nonlinear changes in position, and the 

material-based fallback may not have been an adequate measure of tactical sacrifices. The framework was then put in 

place as a “rule-based” decision support system instead of a model-level Explainable AI system. 

 

KEYWORDS: Artificial intelligence; Decision support systems; Explainable artificial intelligence; Chess move 

evaluation; Engine based analytical framework; Reproducible analytical systems 

 

1. INTRODUCTION 

Chess has been used to address sequential problem solving, strategic reasoning and complex decision making for a long 

time [1]. Superhuman performances are now possible with chess engines thanks to advances in artificial intelligence; they 

are capable of evaluating the position on a chessboard with a high degree of accuracy and recommend the best possible 

move [2,3]. These engines are extensively used in post-game analysis and performance evaluation for players in modern 

analysis platforms [10,11]. Although powerful, these tools mainly provide numerical assessments or suggested actions, 

with little assistance for human interpretation and learning [7]. 

From engineering perspective, this limitation is indicative of a larger problem in applied AI: Adequate performance does 

not guarantee explainable or repeatable decision support. Engine scores are an index of positional advantage but they don't 

necessarily reflect the positive or negative effect of a move, nor do they necessarily capture the quality of decisions made 

over the course of a game [4,5]. Furthermore, commercial chess analysis programs are normally proprietary black-box 

programs, using unknown thresholds, different engine configurations, and limited reproducibility, which limits their use 

in scientific and engineering applications [10-12]. 

Previous studies on chess analytics have been mostly concerned with how to design chess engines, how to optimize the 

search algorithm of chess engines, or how to get large scale statistical data of player performance [2,4,6]. The use of 

engine score drops has been used in several studies to detect blunders or model skill levels, with a focus on aggregate 

numerical measures, instead of move-level interpretability or transparent explanation [4-6]. At the same time, explainable 

AI (XAI) studies have come a long way in understanding ML models [7,8] but very little has been done to explain a 

symbolic decision analysis (decision rules) process in a rule-governed domain like chess, especially for post-game analysis 

[9]. 
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In view of these observations, this work takes up the following question for research: 

What is the way to convert chess engine evaluations into explainable, reproducible and human-interpretable decision 

support framework for engineering and analysis? 

In this solution, we design an explainable AI-based chess move analysis system which focuses on interpretation and 

reproducibility of moves rather than optimization. This framework provides a clear analytical level that applies mover-

relative normalization and explicit rule-based classification to interpret shifts and changes in evaluations between 

successive moves [4-6]. The system does not use black-box or data-driven methods but produces human-readable 

explanations based on the properties of the game that can be observed [7]. 

In this work “explainability” means the layer of interpretability which is placed on top of the engine output – it's not being 

explained what the Stockfish engine does internally when looking for a move. The framework suggested here is used to 

produce human-readable interpretations explicitly defined and deterministic, based on changes in the evaluation, and on 

the observable properties of the board, while Stockfish is employed as a benchmark for quantitative evaluation 

components. The explanations to be expected from the framework should thus be taken as rule-based interpretations of 

engine evaluated moves, and not as model-intrinsic explanations of an artificial intelligence system. This is significant 

because the framework itself does not change, check or reveal the working of the underlying chess engine. 

One of the key design goals of the proposed framework is reproducibility. The parameters of the engine are set and will 

not be altered: fixed engine parameters are used to guarantee consistent analytical behavior, and a deterministic material-

based fallback evaluation is added to cases where it is not possible to execute the engine [3,12] The system also utilizes a 

modular design with parsing, evaluation, classification and visualization components, enabling extensibility and 

reusability of the system in engineering oriented AI applications [9,12]. 

The novelty of this work is not the development of a new chess engine nor a new chess centipawn evaluation, but rather 

the design of a "transparent, replicable, analytical layer" that will systematically convert the existing well-known engine 

evaluations into explanations of how good or bad each move is. In addition to numerical evaluations or suggested moves, 

the proposed framework also has four explicitly defined mechanisms in one analysis pipeline: (i) Normalization of the 

change of the evaluation, relative to the mover, to be able to interpret the impact of moves uniformly for both players: (ii) 

Fixed rules for classifying individual moves based on the amount of evaluation loss; (iii) Deterministic, human-readable 

explanations, linked to the properties of the board; (iv) Deterministic fallback mechanism based on material, so that the 

pipeline still functions if an engine cannot be used to execute it. These are realized as individual parsing, evaluation, 

classification, explanation and visualization units, thereby making it possible to analyze and reproduce the analytical 

process. Therefore, the contribution should be a clear and open framework of decision support based on the existing chess-

engine technology, and should not be a change to the chess-engine itself. 

Interactive visual analytics are also part of the framework and allow users to explore evaluation trajectories, to perceive 

how the momentum changes throughout a game and to identify the critical decision points [9]. This approach shows the 

potential of making chess a representative domain of decision-making and how an explainable and reproducible analytical 

system can fill the gap between raw AI evaluation and human understanding. The method itself was used to validate with 

chess games, but the methodology can be applied to other sequential decision problems where transparency and 

reproducibility are crucial. 

 

2. RELATED WORK 

The proposed system touches on several areas of research such as chess evaluation, move quality analysis, decision 

analytics, and explainable systems. This section presents the literature review relevant to the present study and also clearly 

differentiates the scope and position of the present study. 

2.1. Chess Engines and Centipawn Evaluation 

The field of chess-engine research has been well studied for several decades, and the earliest research papers dealt with 

search strategies and evaluation functions [1, 2]. The evaluations that modern engines like Stockfish give are in 

"centipawns," which are the relative gain of one player over the other in the form of hundredths of a pawn [3]. Chess 

engines are now commonly using quantitative chess evaluation methods like centipawns [3, 4] to compare chess positions 

and to make decision on what action to take in a chess position. 

Centipawn scores are commonly used and accepted for competitive play and analytical studies [4]. The idea of centipawn 

differences occurs within the engines where they are used to rank candidate moves and to direct search heuristics [2, 3]. 

These, however, are generally used for engine optimisation and performance, not for humans to read or for educational 

feedback [7]. 

This work does not implement a new metric for evaluation, nor alter the engine internals. Rather, it is based on a proven 

quantitative framework for higher-level interpretation that is the centipawn-based evaluation framework [3, 4]. 

2.2. Move Quality Assessment and Blunder Detection 

Engine evaluations have been used in several studies to evaluate move quality and player performance [4,5]. Evaluation 

intervals between consecutive positions are particularly used to detect blunders, mistakes, or inaccuracies, and to estimate 

the skill level of the players in a large amount of data [5, 6]. These are typically used in statistical analyses of tournament 

games or online game repositories that take the form of aggregate metrics of how often the errors occur or the average 

evaluation loss incurred [6]. 

The studies in this paper show that the measurement of centipawn differences can be useful for quantitative assessment, 

but they generally require an offline, batch processing environment [4, 6]. This is on numerical indicators and statistical 

trends, rather than human-facing explanation and interactive analysis [5]. Furthermore, there are not always explicit 

descriptions of the classification criteria and thresholds applied in such analyses, which reduces transparency and 

reproducibility [12]. 
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More recently, the necessity for explanations at the concept level and domain-specific level have been emphasized. 

Representable images can transform the low level computational information to the high level concepts, that are more 

meaningful to high level human users. For reinforcement-learning systems, explainability research is also about learning 

about the decisions a complex system makes and finding concepts that are relevant to humans in the behaviors of the 

system. In this context, the present framework will be discussed. However, the proposed approach is not model level XAI 

methods as there is no attempt to explain the decision process or the internal representation of the chess engine. Instead, 

it provides a rule-based and deterministic interpretation of engine generated evaluations [13]. 

The system that is proposed, on the other hand, takes a more explicit and rule-based approach to the differences in 

evaluation whereby individual moves are associated with interpretable explanations [7]. This distinction allows a transition 

from a purely numerical evaluation to an evaluative interpretation and user understanding shift. 

2.3 Commercial Chess Analysis Platforms 

There are many commercial platforms available, for example Chess.com and Lichess, that offer an automated game 

analysis feature which tags moves as blunders, mistakes, or good moves [10, 11[. The platforms are based on robustly 

built chess engines as well as evaluation disparities to provide feedback to users [10]. But their underlying algorithms, 

thresholds, and evaluation settings are proprietary and undisclosed [11]. 

Recent research has also been done in the area of decision support, an area in which AI systems are not just prediction 

tools, but part of a human-AI decision support system. The current research in the area of HAI is centered around systems 

that combine computational power with human interpretation and interaction. Likewise, recent work on explainable AI 

for decision making states that explanations need to assist the user in comprehending and assessing AI-generated 

recommendations, and not just present outputs. The views are relevant to chess analysis, as the goal of this proposed 

framework is not to replace the player's decision making, but to provide the player with a chess analytical "layer" that can 

be viewed and understood by the player to gain insight into the engine's evaluation. 

On the research side, these platforms are black box systems [7]. Any changes in their analysis behavior, such as changes 

in the versions of the engines they evaluate, or varying depths of analysis, or changing heurs, can change their results and 

they are not guaranteed to be repeatable [12]. Moreover, explanations given to users tend to be short and qualitative, giving 

no explicit information about the logic behind the move classification [10, 11]. 

Consequently, commercial platforms do not provide scientific references for method design and evaluation, but they are 

tools which could be used for practice purposes. This work is a radical departure from the former in providing a clear, 

repeatable, and well documented analytical framework applicable to research and engineering problems. 

2.4. Explainable Decision Analysis and Visualization 

In recent years, explainable artificial intelligence (XAI) has become an important research field that focuses on enhancing 

transparency and trust in an algorithmic system [7, 8]. Current research on XAI is mostly dedicated to the task of 

explaining the predictions of machine learning models, e.g., feature attribution or surrogate modelling [8]. Much less has 

been done to address interpretable decision analysis in symbolic or rule-governed domains, where interpretability can be 

achieved in the form of explicit logic, rather than model introspection [7, 9]. 

At the same time, visualization methods have been extensively employed in decision analytics for presenting dynamics, 

trends and anomalies [9]. A common approach to visualizing the variation in performance or momentum shifts in 

sequential decision processes are graph-based representations and heatmaps [9]. 

The proposed system is inspired by these approaches, where the explicit rule based explanation is integrated with 

visualization of evaluation trends. Unlike the normal XAI frameworks, the system does not try to explain a learned model. 

Rather, it aims at clarifying the result of decisions based on well-defined evaluation criteria within the context of a clear 

analytical process [7, 9]. 

2.5 Summary and Positioning 

To recap what has been found in previous studies and chess engines, there are several methods of evaluating chess 

positions, and the most popular ones are centipawn based and evaluation drop based [3, 6]. Their usefulness has been 

shown in existing studies for performance assessment and statistical analysis, and have become popular in commercial 

platforms in user-facing tools [10, 11]. However, the previous studies have focused primarily on optimization, aggregated 

metric, or a black-box feedback [7, 12] rather than reproducible, explainable, and modular system design. 

From the literature emerged two interesting research lines based on the findings: model level explainability, aimed at 

understanding more the inner workings of complex AI systems, and human level decision support, aimed at taking 

computational results and presenting them in an easy to understand format to the user. Recently, the concept of internal 

representation and concept-level explanations for neural chess agents have begun to be studied in the context of chess, 

and the general research area of XAI has centered on determining the quality of the explanation, transparency and user-

relevance. The present work is located in another location within this landscape. Does not attempt to describe how the 

internal logic works for a neural chess model, or how to modify the chess engine. Instead, it provides a deterministic 

analytical layer, that decomposes well-known engine evaluations into explicitly defined move classifications and readable 

interpretations. The discussion is thus on transparency and reproducibility of decision making, rather than XAI intrinsic 

to the model. 

The present work is unique in providing a single framework for analysis, combining engine-based evaluation, 

deterministic fallback mechanisms, explicit moves classification rules, and interactive visualization [7, 9, 12]. The 

proposed system emphasizes the importance of interpretability and reproducibility and provides a bridge between the raw 

engine output and the human-centered understanding, making it a more decision-support and learning-oriented analytical 

tool rather than a competitive engine or proprietary service. 

Another explanation is in the context of the current framework, the term explainability is used. The proposed system 

doesn't attempt to describe how and what Stockfish thinks, or how it represents its knowledge, and it doesn't claim to make 
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the engine interpretable. Instead, the idea of explainability is fulfilled in the form of an explainability rule-based layer. 

The framework specifies the numerical results of the engine's computations, and certain properties of the board to pre-

established human-readable explanations using deterministic rules. In this study, the word explainable rather means the 

transparency and traceability of the analytical interpretation process, and not explainability of the underlying model of the 

engine. This is different from model-level Explainable AI techniques that attempts to explain the action of a learned 

predictive model. 

 

3. System Architecture and Implementation 

In this section, the overall architecture and implementation details of the proposed system for analyzing chess games with 

the aid of an explainable approach are discussed. The overall architecture and implementation details of the proposed 

system for analysing chess games with the aid of explainable approach are discussed in this section. The design is modular 

and layered, with different parts dealing with different aspects of data processing, evaluation logic, and visualization. This 

separation allows for increased clarity, reproducibility, and extensibility—all requirements for an engineering-oriented 

analytical system [9,12]. 

3.1 Overall Framework 

It takes a full chess game as input, and outputs an analysis that can be understood by humans, via a pipe-line for each step. 

The overall architecture of the framework is shown in figure (1). 

 
 

 

Fig. 1. Overall architecture of the proposed explainable chess moves analysis framework. 

 

The system consists of three modules – parsing, evaluation, classification and visualization. 

The processing flow has the following steps: 

1. Input Parsing: Parsing and normalisation of the game data, in Portable Game Notation (PGN) or Standard Algebraic 

Notation (SAN). 

2. Board Reconstruction: The chessboard configuration is built up step by step, according to the moves made. 

3. Position Evaluation: Evaluation of each reconstructed position is done through an engine-based or fallback evaluation 

model [3] is used. 

4. Move Evaluation differences are converted to move classifications in a qualitative manner [4 – 6]. 

5. Visualization and Interaction: Analytical results presented interactively in visual elements [9]. 

The advantage to the engineer is the ability to isolate the computation portion of the engine from the interpretation portion. 

The engine is seen as a quantitative evaluation provider, while the proposed framework automatically carries out the 

normalization, classification, explanation and visualization. This separation lets the analysis and replication of every 

analysis stage without altering the chess engine. The framework, therefore, explicitly traces from the evaluated position 

on the board to the final interpretation of the move-level, the main design element of the proposed approach to decision 

support. 

Each stage of the pipeline works independently but adds to the process of analysis. 

 

3.2 Input Parsing Module 

Input parsing module is to extract valid chess moves from the user-provided text. Both PGN games and raw SAN move 

lists can be played. Player names, event data and player notes are not used when parsing. 

A rule-based parser is used to extract the move numbers, comments, and annotations from the move and then identify 

legal SAN tokens with the move extraction. This pre-processing step guarantees independence in input format and reduces 

the risk of parsing errors [14]. 

Separating parsing from the system components enables alternative input sources and notation formats to be added without 

changing downstream components [12].  

 

PGN Input

Move Parser

Board Reconstruction

Evaluaiton Engine

Move Classification

Visualization Interface
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3.3 Board Reconstruction Module 

The proposed framework in this paper provides a deterministic rule base interpretation layer, which is able to map engine 

evaluations and observable board-state information to human-readable explanations. This layer is not meant to be 

considered a description of the internal logic of the underlying chess engine. Instead, Stockfish is a provider of quantitative 

evaluations and this is the framework that understands the changes in evaluation without the need for external help. 

The framework considers the change in evaluation for each evaluated move as well as the observable attributes of the 

move such as material balance, captures, checks and the size of the changes in the move's evaluation. These properties are 

utilized to create explanations that are predetermined, such as loss of material, failure to give a check or any major drop 

in engine evaluation. The Rules are well specified, leading to a consistent roll action and consistent roll description, thus 

providing clarity and repeatability. 

The resulting explanations are then interpretable explanations for why a move is classified in a certain way in the 

framework. They are not an attempt to model Stockfish's decision process at the model level, or a Stockfish modelling 

attempt of Explainable AI. It is more specific to the part of the system discussed in this that it is called “rule-based 

interpretability” or “rule-based explanation”. 

All subsequent steps of evaluation and visualization are based on the reconstructed board state. 

3.4 Evaluation Engine Module 

The evaluation engine module gives a numeric "score" to every reconstructed board position. The system has an ‘up and 

down’ approach to assessment: 

1. Engine-Based Evaluation: Evaluation using a chess engine that is able to calculate centipawn scores at a fixed depth 

of analysis [3]. This gives a good and accepted quantitative measure of position quality.  

2. When execution of the engine is not permitted, a model based on materials is used for a deterministic evaluation. This 

is a backup that calculates the difference (weighted) between the white material and the black material and returns it in 

centipawns 

The fallback mechanism keeps the analytical pipeline running and reproducible in various deployment scenarios [12]. 

Importantly, the evaluation module is not used to change the way the game is played, or the way that points are awarded 

for moves, but it's only being used for interpretation after the game[15]. 

3.5 Move Evaluation and Classification Module 

The move evaluation and classification module is the core of the system, which is an analytical module. The move 

evaluation and classification module is an analytical module that forms the core of the system. It takes the scores that the 

evaluation module returns for each position, and calculates the differences between them, normalizing them to the player 

who took the move [4 – 6]. 

The changes to the evaluation, normalized by the above, are passed to a rule-based classification component, which assigns 

qualitative labels, e.g. blunder, mistake, inaccuracy, good move, based on fixed thresholds. The logic used and the 

thresholds used for classification are made explicit and are the same for all analyses, which contributes to transparency 

and reproducibility [7]. 

The module directly connects with the explainability layer that produces human-readable explanations from the observable 

characteristics of the game [16]. 

3.6 Visualization and User Interface Module 

The visualization module displays the analytical results in a human-readable format. The system uses several 

complementary visualization methods such as: 

• Evaluation Curves are used to display the centipawns' development during the course of the game [9]. 

• Momentum Heatmaps showing evaluation changes relative to the momentum. 

• Board-Level Visual Cues to highlight key moves (arrows and/or highlights). 

Developed the user interface using Streamlet to create interactive analytical dashboards quickly. Streamlit is used just for 

the presentation layer, and does not impact the underlying evaluation/classification logic. 

Interactive controls enable navigation through moves, show individual positions and correlate numerical evaluations with 

changes at the board level [17]. 

3.7 Implementation Details 

Implements the system in Python with popular open source libraries. The chess library [3] is used to provide the board 

representation and move validation features of the chess game. Standard plotting/rendering libraries are used to implement 

visualization components [9]. 

All the modules will be deterministic, having fixed parameters and no stochastic components. This guarantees that the 

same input gives the same analytical results on repeated runs, necessary for reproducibility [12]. 

In summary, the proposed architecture provides a unified framework for parsing, evaluating, classification and 

visualization, while adhering to separation of concerns. This separation of engine evaluation from interpretive logic and 

presentation allows for transparency, extensibility, and reliable analytical behavior, providing a solid basis for the case 

study and experimental analysis presented in the following section. 

4. Move Evaluation and Classification Logic 

This section outlines the thinking process behind analyzing and understanding single chess moves. The proposed approach 

does not seek to find the optimal move, but rather to understand what moves have been entered: it is a scheme of 

transforming evaluations that an engine carries out into classifications that a human can understand. The design is designed 

to be transparent, reproducible and not too dependent on black-box heuristics [7, 12] 

4.1. Position Evaluation Model 

Let Bidenote the board position after the ithply of a game. Each position is assigned an evaluation score Ei, expressed in 

centipawns (cp), representing the advantage from White’s perspective [3]. 
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The evaluation function is defined as: 

Ei = {
Eengine(Bi), if engine evaluation is available

Ematerial(Bi), otherwise
 

 

where Eengine(⋅)denotes the centipawn evaluation returned by a chess engine configured with fixed parameters [3], and 

Ematerial(⋅)denotes a deterministic material-based fallback evaluation. The fallback mechanism ensures consistent 

behavior in environments where engine output is unavailable, thereby supporting reproducibility [12]. 

The material-based evaluation computes the weighted difference between White and Black pieces using standard piece 

values and expresses the result in centipawns [4]. 

4.2 Evaluation Difference Metric 

To assess the quality of a move, the system analyzes the change in evaluation between consecutive positions. Let 

Δidenote the raw evaluation difference after ply i: 
Δi = Ei − Ei−1 

 

Since evaluations are expressed from White’s perspective, the impact of a move must be normalized with respect to the 

player who made the move. Let Mi ∈ {White,Black}denote the mover at ply i. The mover-relative evaluation change 

Δi
(m)

is defined as: 

Δi
(m) = {

Δi, if Mi = White

−Δi, if Mi = Black
 

 

This normalization ensures that negative values of Δi
(m)

consistently indicate a deterioration of the mover’s position, 

regardless of color [4 – 6]. 

4.3 Rule-Based Move Classification 

Based on the mover-relative evaluation change, each move is assigned a qualitative label. The classification is performed 

using explicit, fixed thresholds expressed in centipawns. Let Δi
(m)

denote the normalized evaluation change for move i. 
The classification rules are defined as: 

• Blunder: Δi
(m) ≤ −200 

• Mistake: −200 < Δi
(m) ≤ −80 

• Inaccuracy: −80 < Δi
(m) ≤ −30 

• Good Move: Δi
(m) ≥ 30 

• Neutral: otherwise 

The thresholds are roughly equal to pawn equivalents and follow a similar convention to what is typically used in chess 

analysis [4 – 6]. Unlike generally commercial systems, thresholds are clearly stated and are set once [10,11]. 

4.4 Explainability Layer 

An explanation in human-readable text is provided for each classified move, to improve the interpretability. The 

explanation is created via a rule-based reasoning layer that takes into account observable properties of the game, such as: 

• Change of material before and after move. 

• Whether the move was a capture 

• The move was made whether in check. 

• The amount of change in the evaluation 

For instance, a move that is deemed a blunder can be justified as: 

“Blunder: the move resulted in a material loss of 2 pawns and had an evaluation drop of 240 centipawns.” 

This explanation strategy does not depend on enigmatic heuristics or acquired models, and gives users a direct view on 

the factors that affect the quality of the moves [7, 9].  

4.5 Determinism and Reproducibility Considerations 

This section addresses the issues of determinism and reproducibility.The issues of determinism and reproducibility are 

addressed in this section. 

All the elements of the logic for evaluating and categorizing moves are fixed. Fixed-depth analysis is used to get engine 

evaluations and static piece values are used for fallback evaluation. Stochastic and adaptive elements or thresholds are not 

used. Thereby, the same game run on the same conditions will produce the same result on repeated runs [12]. 

In contrast with commercial analysis tools the output of which can change depending on changes in the engine 

configuration or version [10 – 12], this design decision reflects the principles of scientific software. 

Overall, the move evaluation and classification logic turns raw engine evaluations into interpretable, mover-relative 

assessments that are clearly formulated and based on rules. This logic is central to the methodological backbone of the 

framework proposed for chess analysis that is transparent and reproducible, and the methodological backbone of the 

empirical analysis presented in the following section [18]. 

 

5. Visualization and User Interaction 

This section presents the mechanisms of visualization and interaction used to present the analytical results obtained from 

the proposed framework. The use of visualization is not considered as a major contribution but as a means of making the 

numerical evaluation more interpretable, following best practices in analytical decision support systems [12,13].  
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5.1 Design Objectives 

Experimental evaluation includes assessing the correctness and repeatability of the operations of the proposed framework 

but also the interpretability of the results of the operations at the move level. This extra evaluation is performed to 

determine if the rule-based explanations offer information which is easily traceable from the underlying engine evaluation 

and observable board state. If there exists similar material in the chess analysis websites that are widely used on the 

internet, the proposed framework is compared with them to get the similarities and differences in the classification of 

moves and the explanation of them. It's not a claim that the two chess engines and/or algorithms are the same, it's a 

comparison as a functional and interpretative comparison [19]. 

5.2 Evaluation Trend Visualization 

The absence of blunders, mistakes and inaccuracies in the game chosen between Kasparov and Topalov from the proposed 

move classification system should be seen as a part of the selection criteria. The framework uses preconfigured "mover-

relative centipawn loss thresholds" (Section 3.2) to classify moves. So, if the deterioration is less than the inaccuracy, 

mistake, or blunder threshold, then this is not an inaccuracy, mistake, or blunder. The lack of these categories in this 

specific game does not mean that there were no moves that were better than those shown in the game, but that they were 

not worse than the ones shown during this game's analysis, as per the parameters of the game engine and analysis depth 

used [13].  

5.3 Move-Level Impact Representation 

Discrete markers or heatmap style visualizations are used to visualize the changes in the mover-relative evaluation. These 

visualizations highlight the direction and amount of movement from each move. 

Blunders and mistakes are marked in color, giving the user a high level view of the areas of the game that are important. 

This is used in conjunction with numerical evaluation, to immediately give visual clues, but without changing the 

analytical results. 

5.4 Board-Centric Visualization 

Additional steps towards increased reproducibility involve making the implementation and experimental resources 

available to the public. Any implementation, settings and input game data and evaluation scripts should be published in a 

public repository and made available to third parties to allow for the reproduction of reported experiments. Source code 

for the parsing, engine evaluation, move classification, explanation and visualization modules should be included in the 

repository with the parameters and instructions for performing the analysis again. The repository can also link to external 

resources and scripts to access the necessary external software or data set if that requires a license restriction [12].  

5.5 User Interaction Workflow 

The user interaction process is linear and controlled: 

1. Entering of game notation. 

2. Automatic running of the analytical pipeline. 

3. Move navigation that is inter-active. 

4. Qualitative classification and numerical evaluations inspected. 

The use of interactive elements is limited to avoid the possibility of misunderstanding or manipulation by the user of the 

analytical results, consistent with the requirements of reproducibility for experimental software systems. 

5.6 Comparative Interpretability Evaluation 

The move-level analysis in the proposed framework was also analysed with reference to the move-level analysis available 

in popular chess-analysis websites, to further explore the practical interpretability of the proposed framework. The 

comparisons were based on information presented to the user, not on the engine itself because the same engine can be 

used in different platforms, with different search configurations, evaluation settings and presentation mechanisms [20]. 

The proposed evaluation of each position selected, along with a change in the evaluation from the mover's previous 

position, the resulting move, and the rule-based explanation proposed, is outlined for each selected position. The analysis 

of the selected online platform is then analyzed, including the evaluation of the move, the assessment of the move and the 

explanation, in text or image, of the moves. The comparison therefore considers three aspects: (i) general evaluation of 

the move is coherent, (ii) there is an explicit basis for this evaluation, (iii) the connection between the numerical evaluation 

and the classification is explicit. 

The proposed framework differs from typical engine-analysis interface in the explicitness of the interpretation process. 

Three change thresholds – change threshold, classification threshold and explanation threshold – are explicitly specified 

and can be verified by the user. This allows for a connection to be made between the numerical value of the engine's 

output and the human readable explanation. The comparison isn't to the precision of the engine assessment, but whether 

the analysis transform is transparent and repeatable. 

5.7 Implementation Considerations 

It is created using a lightweight web-based framework, which allows for fast rendering and cross-platform compatibility. 

The presentation layer is distinct from the evaluation and classification layers, so that there is no interaction between the 

user presentation layer and the evaluation or classification layers that would impact analytical results [21]. 

All the visual aspects are explicitly created from analytic outputs that have been stored in advance, in order to ensure 

consistency between the interactive demonstrations and the experimental results reported in Section 6. 

Overall the visualization and user interaction parts are good in making it easy to explore analytical results without any 

mixture of evaluation logic and presentation. The visualization layer emphasises clarity, determinism and the consistency 

with experimental results, while maintaining the engineering rigor of the proposed framework, thus naturally suggesting 

the experimental validation outlined in the next section. 
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6. Experimental Demonstration and Results 

In this section, experimental proof of the proposed framework for analysis of chess moves with explanations is provided. 

The goal of the experiments is to test the correctness, interpretability and consistency of the move evaluation and 

classification logic presented in Section 4, not to evaluate how well they play competitively. As with previous analytical 

studies conducted based on the evaluations of the engines themselves, emphasis is not on the optimization performance 

but rather on interpretive behavior and reproducibility of the engine evaluations [1, 4].  

6.1 Experimental Setup 

A standard desktop computing environment was used for experiments, with a Python implementation of the proposed 

framework. Position evaluations were collected from a chess engine with fixed parameters (constant search depth) so that 

the results would be the same each time the program ran [1]. 

The complete chess games have been chosen from a publicly available chess data repository. The games come in varying 

lengths and characteristics of their positions to test the robustness of the analytical logic in different games. There was no 

special attention given to any particular openings, player ratings, or tactical themes as per previous centipawn analysis 

studies [4, 6]. 

These games were processed in turn, in a modular pipeline fashion as described in Section 3, yielding per move centipawn 

evaluations, differences between the evaluations in each game, as seen by the movers, qualitative categorizations, and 

explanatory annotations [22]. 

6.2 Case Study: Single Game Analysis 

A typical game was studied in detail to demonstrate the behavior of the system. The framework calculated the centipawn 

evaluation of the position resulting from each ply, and the normalized evaluation change from the mover. 

The evaluation curve for the game selected is displayed in figure 2, in the form of centipawns against move number. The 

curve transitions sharply downwards at points where the move is significant for the tactics and could be considered a 

material loss or missed opportunity, and these are then reflected in the move classification. 

 
Fig. 2. Centipawn evaluation trend over move number for a representative game. Abrupt changes indicate 

tactically significant decisions. 

 

A few moves which the system had categorized as blunders or mistakes were hand checked and they correlated with 

discernible material or positional loss, lending support to the system's classification and evaluation logic. 

6.3 Move Classification Distribution 

Table 1 gives a summary of the distribution of move classifications for the representative case study game. As might be 

expected, most moves are neutral or good moves and the severe errors are rare. 

 

Table 1. Distribution of move classifications for the representative case study game 

(Kasparov vs. Topalov, Hoogovens Group A, 1999) 

 

Move Classification Count 

Neutral 66 

Good 21 

Inaccuracy 0 

Blunder 0 

Mistake 0 

Total moves analyzed 87 

 

This distribution is similar to what has been observed in previous chess evaluation studies on empirical data, where sudden 

evaluation changes are not common and are usually followed by only minor changes or even stability [4,6]. Important, 

the lack of inflated error detection also means that the fixed centipawn thresholds aren't over-classifying moves as 

blunders. 
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6.4 Evaluation Change Analysis 

To further assess system sensitivity, the absolute values of mover-relative evaluation changes, |Δᵢ^(m)|, were analyzed 

across all processed games. Figure 3 presents a histogram of these values. 

The histogram shows a large number of small evaluation changes, which correspond to quiet or positional changes, and a 

long tail of errors or gains that are significant for tactics. This distribution is consistent with the centipawn loss distribution 

that is typically found in large-scale game analyses [4].  

 
Fig. 3. Distribution of absolute mover-relative evaluation changes across analyzed games. 

 

These results show that the evaluation difference metric is able to detect both minor changes in position and key game 

situations. 

 

6.5 Explainability Assessment 

Correspondence between generated explanations and observable board events was examined qualitatively to evaluate the 

explanations. All the moves involving material loss, missed captures, or exposure to check were followed by explanations 

that referred explicitly to loss of material, missed captures, or check exposure. 

Unlike commercial analysis platforms that only produce short qualitative labels, but don't reveal the underlying logic [5,6] 

this framework explicitly maps changes in numerical evaluations to observable game properties. This explicit connection 

increases transparency and it helps with the learning-oriented use cases, as per the principles of explainable decision 

analysis [7].  

6.6 Performance and Consistency 

Average analysis time per game was used as an indication of computational performance. Results show that the framework 

can process complete games within interactive time limits and is appropriate for real-time or near-real-time analysis. 

The same games were evaluated multiple times and the evaluation curves and classifications were found to be the same, 

as the system was determined to be deterministic. The proposed framework is reproducible and different results in the 

evaluation can be obtained in commercial frameworks as a result of not-disclosed changes in their configuration [5].  

6.7 Discussion 

The experimental results show that the proposed framework is successful and efficient in converting engine evaluations 

to understandable insights at a step level. In existing engines and platforms, based on their primary function, the strength 

of the engines and quality of recommendations is the main focus [1,2] but the proposed system adds a layer of post-game 

analysis which is transparent and has explicit logic. 

This contribution should thus be seen as an architecture to interpret and not as a new algorithm for a chess-engine. The 

novelty, however, is that this is an explicit sequence of quantitative assessment, normalization to the movement of the 

engine and subsequent classification based on the rules, which then leads to a deterministic explanation and visualization 

of the existing engine evaluation. This organization provides a layer that can be easily checked, evaluated and reproduced 

outside of changing the underlying engine, and aids in making decisions. 

The explainability capability of the proposed framework is dependent on the rule based design of the framework. The 

framework explains classifications transparently by having explicit links between changes in engine evaluations and 

observable properties on the board and between these properties and predefined interpretation rules. It does not give any 

information about the Stockfish engine logic, the search process, or representations in the Stockfish engine. The 

contribution is thus best seen as rule-based interpretability or model transparent decision support rather than model level 
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Explainable AI. This is also a new avenue for future research, where model-agnostic or model-specific approaches of 

XAI, which are not explored yet, can be used to complement the existing deterministic approaches. 

6.8 Summary 

The experimental results show that the proposed framework for explainable chess analysis yields consistent, interpretable 

and computation-efficient results over different games. The results confirm the efficiency of the system in terms of move 

evaluation and classification logic, and its applicability for analytical, educational and decision support applications. 

 

7. Limitations and Future Work 

The proposed explainable chess move analysis framework is consistent, interpretable and reproducible, however, there 

are some limitations. 

The system is based on the evaluation of position as the only quantitative measure, and that is done in centipawns. Chess 

analysis is generally performed using Centipawns, which is a well-accepted and well-established system, however, not all 

of the strategic aspects of a position, including fortress potential, psychological pressure, and practical complexity, are 

covered. This means that some subtle strategic maneuvers might be neutral, but could still have a lasting impact. 

Second, the move classification thresholds are fixed and rule-based. This design feature helps to increase transparency 

and reproducibility but does not account for game phase (opening, middlegame, endgame) or material imbalance. The 

current framework doesn't explicitly model the different practical consequences of the same centipawn loss in different 

positions, so this can be different. 

Third, the explainability layer targets the game features that are visible and explained easily, like the amount of material 

changes, the amount of evaluation. Positional ideas, like the lack of certain squares, potential threats from multiple moves, 

or ideas that have to be developed over time are not explicitly indicated. This limitation is a deliberate one because the 

system is designed to be able to explain things deterministically, rather than inferring or learning them from experience. 

Lastly, the experimental evaluation is conducted with the help of a post-game analysis of the completed games. The 

framework is not intended for real-time decision support during live play, nor is it intended to offer move suggestions 

and/or training feedback beyond interpretive explanations. 

In the future, we would like to expand the framework in a number of directions. Adaptive classification thresholds that 

take into account game phase or material context may enhance interpretive accuracy without sacrificing transparency. 

Opaque machine learning models can be replaced with additional explainability rules capturing higher level concepts of 

position. The visualization layer may further be improved to provide comparative analysis between two or more games or 

players. The framework can be extended to other sequential rule-governed decision-making tasks where interpretability 

and reproducibility are crucial, such as games of Go, Poker, and similar. 
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Highlights  

• Explainable AI-based decision-support framework for chess move analysis. 

•  Reproducible engine-assisted evaluation with deterministic fallback mechanism.  

• Transparent move-wise classification into blunder, mistake, and inaccuracy.  

• Human-interpretable visual analytics for engineering-oriented decision support. 
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