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Abstract   1 

The Siamese fighting fish (Betta splendens) is well-known for its high levels of aggression and 2 

complex, stereotyped displays, making it an ideal model for testing deep learning-based tools 3 

for high-throughput, unbiased quantification of aggressive behaviour. A deep-learning object 4 

recognition model (BettaAI) was developed to detect the species' aggressive displays, including 5 

threat (opercula opening and fin distension), attack (bites) behaviours, as well as surface air 6 

breathing, a behaviour correlated with the frequency and intensity of aggression. Videos of 7 

males confronting their mirror image were acquired simultaneously with synchronised top and 8 

side cameras. Two separate models were trained, with some behaviours identified from top-9 

view frames and others from side-view frames; outputs from both models were combined and 10 

post-processed for final quantification. BettaAI performed with high accuracy: F1 scores were 11 

0.99 for the top-view model and 0.93 for the side-view model. Average Precision (AP) at 0.5 12 

IoU exceeded 0.98 for all categories except bites, a rare behaviour in the dataset, which reached 13 

0.865. Comparisons with a manually curated “ground-truth” dataset from videos of 10 males 14 

showed strong concordance between automated quantification and manual annotations by 15 

expert observers across all behaviours. A case study on 461 males reacting either to a mirror 16 

or to a video playback of a conspecific demonstrated the high-throughput and unbiased 17 

advantages of BettaAI, with threat displays being more frequent toward the mirror image and 18 

attack rates not differing between treatments. This work underscores the potential of BettaAI 19 

for automated, bias-free quantification of aggressive displays in B. splendens. 20 
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 23 

Introduction 24 

Quantification of complex behavioural displays in animals has traditionally relied on manual 25 

or semi-manual observation methods (e.g., BORIS, Friard & Gamba, 2016; EthoVision, 26 

Noldus et al., 2001). These approaches, while foundational to behavioural research, are time-27 

consuming, error-prone, and subject to inter-observer biases, undermining reproducibility and 28 

consistency. Furthermore, the manual nature of these techniques limits the scalability of 29 

behavioural studies, making it challenging to process large datasets or detect subtle behavioural 30 

patterns that require high temporal or spatial resolution. 31 

Recent advances in machine learning (ML), particularly in deep learning, have provided a 32 

powerful alternative to traditional methods of behavioural quantification. Deep learning 33 

models excel at identifying and classifying patterns in large datasets, offering scalable, 34 

efficient, and objective solutions to behavioural research. These tools have already 35 

demonstrated remarkable success in studies across diverse animal taxa (Fazzari et al., 2025). 36 

For example, PoseNet (Kendall et al., 2015) and DeepLabCut (Mathis et al., 2018), popular 37 

pose-estimation models, have been widely applied to track and analyse locomotion in rodents 38 

and zebrafish. In rodents, deep learning has been used to identify grooming, rearing, and social 39 

interactions with high precision (Giancardo et al., 2013; Hsieh et al., 2024; Lapp et al., 2023). 40 

In insects, ML models have automated the quantification of aggression (lunge) and courtship 41 

behaviours (circling, following, attempted copulation, and copulation), in Drosophila 42 

melanogaster (Yadav et al., 2025). In fish, the utility of ML tools is particularly evident in 43 

studies of group dynamics and social behaviours. For instance, Pérez-Escudero et al., (2014) 44 
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developed idTracker, a software capable of reliably identifying and tracking multiple 45 

individual zebrafish in a group, enabling detailed analyses of their interactions and movement 46 

patterns. Similarly, Mathis et al., (2018) used DeepLabCut to analyse zebrafish swimming 47 

trajectories in three dimensions, revealing subtle variations in movement associated with stress 48 

and environmental changes. Deep learning has also been applied to study predator-prey 49 

interactions, with models trained to detect and classify events such as attacks and escapes in 50 

real-time (Wei et al., 2025). These examples illustrate how ML tools can provide unbiased, 51 

high-throughput analyses of complex behaviours that were previously labour-intensive to 52 

quantify, standardising results within and across studies and laboratories. 53 

In this study, we developed a YOLO-based deep learning object recognition model, BettaAI, 54 

to quantify the aggressive behaviours of male Siamese fighting fish Betta splendens. YOLO, a 55 

state-of-the-art object detection framework, is well-suited for tracking multiple behaviours in 56 

complex environments and is being increasingly applied for the study of animal behaviour 57 

(e.g., Hu et al., 2021; Sun et al., 2021). Using synchronised top- and side-view video 58 

recordings, we captured three-dimensional information on fish behaviour and position and 59 

trained separate models for each perspective to detect opercular opening, fin distension, bites, 60 

surface air breathing, and the position of the head and tail. By integrating outputs from these 61 

models, we aimed to achieve precise and high-throughput quantification of the species’ 62 

aggressive displays.  63 

The Siamese fighting fish has long been used as a model to study aggressive behaviour due to 64 

the intrinsically high levels of male aggression. In nature, males establish territories where they 65 

build bubble nests to attract females for mating and defend them vigorously against 66 

competitors. In Southeast Asia, this high level of aggression has been recognised for centuries, 67 

with the species being used for staged paired fights and “winner” strains developed across 68 
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generations (Ramos & Gonçalves, 2019). During combats, males show stereotyped and 69 

visually striking displays, including opercular openings, fin distension, charges, and bites 70 

(Ramos & Gonçalves, 2019). These behaviours are easily elicited under controlled 71 

experimental conditions, such as exposure to a mirror image or video playback of conspecifics 72 

(Alex et al., 2023; Ramos et al., 2021), avoiding the ethical concerns of male-male fights. The 73 

predictability and stereotyped nature of aggressive behaviours in B. splendens are particularly 74 

suitable for developing and validating ML-based tools for behavioural quantification. 75 

Combined with recent advances such as the sequencing of the species genome (Zhang et al., 76 

2022) and the possibility of genomic editing (Palmiotti et al., 2023), BettaAI adds to the 77 

toolbox available to study the biology of aggressive behaviour in B. splendens. 78 

The objectives of this work were threefold: (1) to develop a robust, high-throughput ML model 79 

for tracking and quantifying aggressive behaviour in B. splendens; (2) to validate the model’s 80 

performance against a manually annotated dataset; (3) to apply the model in an experimental 81 

context to evaluate its practical applicability. By achieving these aims, BettaAI demonstrates 82 

the transformative potential of artificial intelligence in providing unbiased, scalable, and 83 

efficient analyses of complex animal behaviours, with particular emphasis on the behavioural 84 

diversity of fish. 85 

 86 

Methods and Materials 87 

Study subjects and housing conditions 88 

All animals used in the experiment were adult Betta splendens siblings belonging to the F2 89 

generation derived from an initial cross between a wild-type female and a male from a strain 90 

selected for winning fights (for details on these strains, see Ramos & Gonçalves, 2019). The 91 

use of F2 hybrid fish for the development of the deep-learning model aimed to capture 92 
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phenotypic variation associated with the wild-type and fighter parental strains, potentially 93 

increasing the generalisation of the model. Fish were reared in mixed-sex groups of 94 

approximately 50-100 individuals per tank and housed according to breeding batch. Most fish 95 

were subsequently transferred to individual 9W x 9D x 20H cm aquaria between 4 and 8 months 96 

post-hatching. Behavioural testing was conducted in adult fish between 14 and 20 months post-97 

hatching, with most individuals tested at 18-20 months. Fish were fed twice a day with newly 98 

hatched Artemia for the first four weeks post-hatching and were subsequently fed commercial 99 

dry food (Golden Pearls and Atison’s Betta Pro) in the morning and live adult Artemia in the 100 

afternoon, except on the day of the experiment where they were not fed. Conditions were 101 

similar under group and individual housing conditions, with water temperature kept at 28 ± 1 102 

°C, the photoperiod set to 12L:12D, and tank water supplied by reverse osmosis (RO) water 103 

with salinity (Instant Ocean) kept at 250 ppm and conditioned with Indian almond tree leaves.  104 

 105 

Video recordings 106 

Images used for the training and validation of the model were extracted from video recordings. 107 

The setup used to acquire the videos consisted of a tank of 25 W X 12.5 D X 20 H cm filled 108 

with a volume of approximately 3.3 L of system water (RO water adjusted to a salinity of 250 109 

ppm using Instant Ocean) and placed inside a recording box diffusely illuminated by LED 110 

lights. Each box had one side and one top Raspberry Pi Camera Modules (V2) set to a resolution 111 

of 1640 x 922 px and at 30 fps. Each camera was connected to an independent Raspberry Pi 4 112 

Model B, which recorded the video. Trials consisted of a 30-min acclimation period, followed 113 

by 30 min of exposure to a mirror placed at one end of the tank to elicit aggressive behaviour. 114 

During acclimation, the mirror was concealed behind a smart screen that remained opaque and 115 

became transparent when activated, allowing the fish to view its own mirror image without any 116 

physical manipulation of the experimental setup. The smart screen was controlled by one of 117 
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the Raspberry Pi boards via a relay switch (Fig. 1), following the automated stimulus-118 

presentation approach previously used in B. splendens behavioural experiments (Alex et al., 119 

2023). Trials were initiated from a remote station that triggered simultaneously the two 120 

Raspberry Pi boards allowing synchronised video recording from the two cameras. This also 121 

eliminated the need for further manipulation of the experimental setup during the trial, 122 

minimising potential disturbance to fish behaviour. After each trial, fish were returned to their 123 

home aquaria. 124 

 125 

 126 

Fig. 1 Representation of the experimental setup used for behavioural recording. The focal fish 127 

was exposed to a mirror positioned behind a smart screen that remained opaque during 128 

acclimation and became transparent at the start of the behavioural trial. The behaviour was 129 

recorded simultaneously using top and side cameras. Illumination was provided by a diffuse 130 

LED strip. 131 

 132 

Model training  133 

Two separate YOLOv8 nano (Ultralytics v8.1.29; Jocher et al., 2023) object-detection models, 134 

pre-trained on the COCO dataset (Lin et al., 2014), were trained using video frames captured 135 
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by the top and side cameras. Ten object classes were defined across the two models, with six 136 

classes per model and two classes shared between models (Fig. 2A). Aggressive behaviours 137 

included threat displays such as the "opercula opening" and "distension of the unpaired fins", 138 

through which fish increase their apparent body size to the opponent, and attack behaviours 139 

such as "bite" and "charges" (Simpson, 1968). In addition, "air breathing" was also included as 140 

a potential indicator of overall metabolic activity (da Silva et al., 2025), which correlates with 141 

the frequency of aggressive behaviour (Alton et al., 2012). To determine the three-dimensional 142 

position and orientation of the fish, classes were added for different body regions, including 143 

"body”, "head", "center", and "tail". Finally, the fish reflection in the aquarium glass walls was 144 

also labelled to improve the discrimination between the focal fish and its reflection. 145 

The workflow for the two models was the same: (1) frames were randomly sampled from the 146 

videos of 13 males for training and 10 different males for validation, so that individuals used 147 

for validation were not represented in the training set. Frames were resized to 640 x 640 pixels 148 

to standardize input dimensions, without any further preprocessing; (2) a relatively small 149 

number of frames (app. 150) were manually annotated using a locally deployed instance of the 150 

Computer Vision Annotation Tool (CVAT v2.13.0; CVAT.ai Corporation, 2024) for the 151 

different features to be extracted from the top and side images; (3) a first model was trained 152 

with this dataset for inference and validated; (4) the initial model was used in a script to 153 

automatically generate annotations for additional frames, which were manually reviewed and 154 

corrected; (5) this larger dataset was used to train and validate a second model; (6) the previous 155 

two steps were repeated until improvement was no longer observable (Fig. 2B). Final datasets 156 

comprised 6,920 training and 3,997 validation images for the top-view model, and 8,994 157 

training and 4,002 validation images for the side-view model (Supplementary Table S1). Data 158 

augmentation was applied to increase the diversity of the training: mosaic (p = 1.0, disabled 159 

for the last 10 epochs), horizontal flipping (p = 0.5), HSV colour-space jitter (hue = 0.015, 160 
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saturation = 0.7, value = 0.4), translation (0.1) and scaling (0.5), Blur (p = 0.01, blur limit = 3-161 

7), MedianBlur (p = 0.01, blur limit = 3-7), ToGray (p = 0.01), and contrast-limited adaptive 162 

histogram equalisation (CLAHE; p = 0.01, clip limit = 1-4, tile grid size = 8 x 8). Vertical 163 

flipping was disabled; MixUp, copy-paste and rotation were not used. At each training step, 164 

datasets were manually curated to balance the frequency of the different categories, although 165 

this was not possible in all cases. For example, while "head" or "tail" were present in all images, 166 

"bites" or "air breathing" were infrequent behaviours and had a lower representation 167 

(Supplementary Table S1). 168 

 169 

Fig. 2 A) Object classes, used to train the top- and side- view models. Each object class is 170 

represented by different colour to simplify the visualisation and recognition during the training. 171 

B) Flowchart showing the workflow used for training and validation of the model.  172 

 173 

Training was conducted on an NVIDIA RTX 3090 GPU using the PyTorch framework. 174 

Training performance across epochs was visually assessed with TensorBoard. The final models 175 
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were trained for 1000 epochs. Model performance was assessed using metrics such as 176 

precision, recall, F1 score, and mean Average Precision (mAP), and the best model was 177 

selected based on its performance on the validation set.  178 

 179 

Inference and post-processing  180 

For three-dimensional positioning, X and Y coordinates were extracted from the top frame and 181 

the Z coordinate from the side frame. The two fixed orthogonal cameras, providing vertical 182 

and horizontal views of the aquarium, were calibrated manually by positioning a reference 183 

object at multiple known locations within the tank, recording its corresponding image-plane 184 

XY coordinates in each camera view, and deriving a calibration factor that was subsequently 185 

used to convert pixel coordinates into real-world spatial coordinates. Coordinates for the tank 186 

vertices were also extracted, which allowed the three-dimensional calculation of the water 187 

volume in the test tank and the relative position of the fish in relation to it. Regions of interest 188 

(ROIs) were defined to calculate event timing and frequency across different areas of the test 189 

arena. For some variables, thresholds and additional filtering rules were applied before the final 190 

results were calculated. For example, in addition to the confidence detection threshold, 191 

minimum duration and interval of independent behavioural events were defined. In addition, 192 

behaviours such as fin distension are only visible when the fish is oriented laterally to the side 193 

camera. Therefore, the angle between the body line and the side camera was extracted from the 194 

top frame to identify which of these behaviours could be reliably assessed. Inference was 195 

conducted in parallel for the two models, after which data from both models were combined 196 

and the post-processing filtering rules applied (Supplementary Table S2). This allowed 197 

flexibility in assessing the potential impact of different post-processing rules on the final 198 

results, in addition to facilitating quick adjustments to different setup conditions. Post-199 

processed values were used to produce a video overlay of the different behaviours for manual 200 
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verification of the tracking and behavioural quantification (Supplementary Video 1), allowing 201 

fine-tuning of the post-processing settings. 202 

 203 

Ground-truth comparison 204 

A ground-truth dataset was prepared from videos of 10 males that were not used for model 205 

training or validation. The same experimental setup previously described was used to record 206 

the videos. After a 30-min acclimation period, aggressive behaviours towards the mirror image 207 

were quantified during the first 10 min of mirror exposure. Two expert observers independently 208 

quantified the following behaviours using Python Video Annotator (Ribeiro et al., 2019): 209 

duration and frequency of opercular displays, duration and frequency of unpaired fin 210 

distension, frequency of bites, frequency of charges and frequency of air breathing. The values 211 

obtained by each observer and by BettaAI were compared to assess agreement and reliability 212 

between manually scored and automated behavioural quantification. 213 

 214 

Case-study 215 

The applicability of BettaAI for high-throughput data collection was tested by quantifying the 216 

behavioural responses of 503 B. splendens males during mirror and video playback tests. Final 217 

analyses were restricted to 461 males where complete 10-min recordings for both tests were 218 

achieved. These fish belonged to the same F2 cohort used for the model-training and were 219 

tested in the previously described mirror-aggression setup. The behaviour was quantified 220 

during the first 10 min following stimulus presentation, after the 30-min acclimation period.  221 

For the video playback test, the mirror was replaced by an LCD screen positioned at the same 222 

end of the focal-fish tank. The video playback setup followed the one described in Alex et al. 223 

(2023), with the LCD screen remotely controlled using a Raspberry Pi 4 Model B. During the 224 

30-min acclimation period, a white screen was displayed on the LCD, after which the stimulus 225 
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video was automatically initiated. Recordings used to construct the video playback stimulus 226 

were obtained following the same procedure as described in Alex et al. (2023). In the present 227 

study, the final stimulus video consisted of a 30-min composite of 5-min segments from six 228 

different males engaged in fights, filmed from the opponent’s perspective. The segments were 229 

arranged in temporal sequence to preserve the typical progression of fighting behaviour in this 230 

species, and transitions between segments were edited so that fish position within the tank 231 

remained as similar as possible. The same stimulus video was used throughout the experiment. 232 

Each male was tested in both behavioural tests, and the order of the two tests was balanced 233 

across fish, with fish tested within the same week. 234 

 235 

Statistics 236 

Statistical analyses were performed in Python 3.13.15. Inter-observer reliability was first 237 

assessed by comparing the behavioural measurements obtained independently by the two 238 

expert observers. Agreement and consistency were assessed using intraclass correlation 239 

coefficients (ICCs), together with Pearson correlation coefficients and paired-samples t-tests. 240 

The measurements obtained by the two observers were subsequently averaged to provide a 241 

reference against which the automated measurements generated by the BettaAI were evaluated. 242 

Agreement and consistency between the expert observers’ average and BettaAI were again 243 

tested using ICCs, Pearson correlation coefficients, and paired-samples t-tests. Agreement was 244 

additionally evaluated using Bland-Altman analysis, in which the differences between paired 245 

measurements were plotted against their mean. The mean difference was used to estimate 246 

systematic bias, and the 95% limits of agreement were calculated as the mean difference ± 1.96 247 

standard deviations of the differences.  248 
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Paired-samples t-tests were conducted to assess quantitative differences in the response 249 

towards the mirror image and video playback of the conspecific. Pearson correlation matrices 250 

for the behavioural responses in each group were calculated, and the Benjamini-Hochberg 251 

procedure (Benjamini & Hochberg, 1995) was applied to correct for multiple comparisons 252 

among pairwise correlations. Additionally, to determine whether the correlation structure of 253 

behaviours differed between the two groups, a Quadratic Assignment Procedure (QAP) 254 

correlation test was conducted (Krackhardt, 1988). The observed correlation between the 255 

matrices was computed, followed by a QAP permutation test involving 1,000 permutations. It 256 

should be noticed that the null hypothesis of the QAP test posits that there is no association 257 

between the correlation matrices, with a p-value smaller than 0.05 suggesting they are not 258 

significantly associated.  259 

 260 

Ethical note 261 

All methods adhered to the ASAB/ABS (Guidelines for the treatment of animals in behavioural 262 

research and teaching», 2012). This study followed the ethical guidelines enforced at the 263 

Department of Science and Environment of the University of Saint Joseph and work with the 264 

species is approved by the Division of Animal Control and Inspection of the Civic and 265 

Municipal Affairs Bureau of Macau, license AL017/DICV/SIS/2016.  266 

 267 

Results 268 

Model performance against the validation dataset 269 

The two models trained to detect aggressive behaviour in B. splendens demonstrated good 270 

performance, as evidenced by high precision, recall, and F1 scores across most behavioural 271 

classes. For the top-view model, the overall mean Average Precision (mAP) at 0.5 IoU for all 272 
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classes was 0.993, with Average Precision (AP) values ranging from 0.991 for "Open opercula" 273 

to 0.995 for "Tail", "Center" and "Body". The normalised confusion matrices showed almost 274 

perfect classification for all object classes (Fig. 3A), with the lowest value for the opercula 275 

opening, which was classified as head in 4% of cases. The distinction of when an operculum 276 

is considered open, or the head otherwise, in a single frame is intrinsically difficult as it depends 277 

on the angle of opercula opening and position of the head (Fig. 3B).  278 

 279 

Fig. 3 A) Normalised confusion matrices for the top-view (left) and side-view (right) models; 280 

B) six sequential frames showing the detection of the head or of open opercula. 281 

A misclassification of 4% is considered low, in particular because post-processing rules 282 

(Supplementary Table S2) filtered out most of the misclassification cases. The F1-confidence 283 

curve demonstrated an F1 score of 0.99 at the optimal confidence threshold of 0.322, for all 284 

classes combined. The training loss for box regression started at 1.0 and converged to 0.4, while 285 

the validation box loss started at 0.8 and converged to 0.3. The training classification loss began 286 
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at 1.5 and decreased to 0.5, with the validation classification loss showing a similar trend from 287 

0.8 to 0.2. The distribution focal loss followed a decreasing trend, indicating improved 288 

localisation accuracy over time. 289 

For the side-view model, mAP at 0.5 IoU for all classes was 0.964, indicating slightly lower 290 

performance than for the top-view model. This was mainly because of a lower AP for "Bite" 291 

of 0.865, with AP values of the remaining categories varying from 0.978 for "Distended fins" 292 

to 0.995 for "Reflection". "Bite" was a rare event in the dataset (Supplementary Table S1), 293 

which likely explains the lower accuracy for the detection of this behaviour. An F1 score of 294 

0.93 at the optimal confidence threshold of 0.342 was obtained for all classes combined for the 295 

side-view model. 296 

The training loss for box regression started at 1.2 and converged to 0.4, while the validation 297 

box loss started at 0.8 and converged to 0.3. Similarly, the training classification loss began at 298 

2.0 and decreased to 0.5, with the validation classification loss showing a similar trend from 299 

0.8 to 0.2. The distribution focal loss also followed a decreasing trend, indicating improved 300 

localisation accuracy over time. 301 

Model performance against the ground truth dataset 302 

Results for the ground truth dataset were first compared between manual annotations by the 303 

two expert observers. Agreement was highest for the frequency of air breathing (perfect 304 

concordance) and lowest for the frequency of distension of the fins (ICC agreement score = 305 

0.72; ICC consistency score = 0.73). Across all behaviours, the F-tests confirmed the 306 

significance of the ICC results (p < 0.01), demonstrating strong inter-observer agreement and 307 

consistency. Pearson's correlation coefficient was above 0.93 for all variables. However, paired 308 

t-tests were significant for the frequency (p = 0.031) and duration (p = 0.020) of distension of 309 

the fins and close to significant for the time with open opercula (p = 0.058), showing a 310 
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systematic difference in the classification of these behaviours by the two observers 311 

(Supplementary Table S3). The results from the two expert observers were averaged for 312 

comparison against BettaAI. Agreement and consistency scores were high between the average 313 

of the two expert observers and BettaAI. ICC scores for agreement and for consistency varied 314 

between a maximum of 0.99 for the frequency and duration of opercular displays, to a 315 

minimum of 0.81 for the duration of distension of the fins. There was a strong correlation 316 

between the human and BettaAI classifications, with correlation scores all above 0.93, with the 317 

exception of the duration of distension of the fins, which had a correlation of 0.85. No 318 

systematic differences were found between the two classifications, as assessed by paired t-tests 319 

(Fig. 4, Table 1).  320 

 321 
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 322 

Fig. 4 Bland-Altman and violin plots comparing behavioural quantification by the two expert 323 

observers' average (in green) with BettaAI (in orange) for behaviours displayed by 10 male B. 324 

splendens towards their mirror image during 10-min observation period. In the Bland-Altman 325 

plots, the solid horizontal line represents the mean difference between measurements, the 326 

dashed lines represent the 95% limits of agreement (mean difference ± 1.96 SD), and the 327 

shaded area represents the 95% confidence interval around the mean difference.  328 

 329 
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Table 1. Inter-observer agreement and consistency metrics between the average classification 330 

by the two expert observers and BettaAI across the different aggressive behaviours recorded 331 

from 10 male B. splendens towards their mirror image for 10 min. 332 

 333 

 ICC agreement ICC consistency Pearson correlation 
coefficient 

Paired t-test 
(d.f. = 9) 

Open opercula 
duration 

0.990*** 0.990*** 0.990*** -0.022 

Open opercula 
frequency 

0.991*** 0.991*** 0.992*** 0.542 

Distended fins 
duration 

0.813*** 0.813** 0.846** 0.936 

Distended fins 
frequency 

0.978*** 0.978*** 0.987*** 0.857 

Charges frequency 0.984*** 0.984*** 0.990*** -0.688 

Bites frequency 0.948*** 0.948*** 0.999*** 1.370 

Air breathing 
frequency 

0.927*** 0.927*** 0.937*** -0.793 

* p < 0.05; ** p < 0.01; *** p < 0.001. 334 

 335 

Case-study  336 

To illustrate the potential for high-throughput and unbiased estimates of BettaAI, the reaction 337 

to a mirror image and to a video playback of an opponent was compared for 461 males. The 338 

mirror image elicited more intense threat displays than the video playback footage, as shown 339 

by a higher frequency and duration of opercula opening towards the mirror image (paired t-340 

test, open opercula frequency t(460) = 13.03, p < 0.001; open opercula duration t(460) = 13.88, p 341 

< 0.001; Fig. 5A). This was also the case for the duration of fin distension (t(460) = 14.46, p < 342 

0.001), with an opposite result for the frequency of this behaviour (t(460) = -4.38, p < 0.001), 343 

illustrating the fact that fish spent most of the time with the unpaired fins distended towards 344 

the mirror, with shorter and more frequent openings towards the video playback (Fig. 5B). 345 
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Interestingly, no differences were recorded for attack behaviours, namely for the frequency of 346 

charges (t(460) = 0.86, p = 0.393, Fig. 5C) and of bites (t(460) = -1.20, p = 0.232, Fig. 5D). The 347 

frequency of air breathing, which has been shown to be a reliable indicator of metabolic activity 348 

in this species (Alton et al., 2012), was higher towards the mirror as compared to the video 349 

playback (Fig. 5E) and correlated with most measures of aggression. Overall, there were no 350 

differences in the mirror and video playback correlation networks (QAP, r = 0.867, p < 0.001; 351 

Fig. 6).  352 
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 353 
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Fig. 5 Violin plots for the responses of the same B. splendens males (N = 461) to their mirror 354 

image (in green) or to a video playback of an opponent (in orange).  *** p < 0.001, N.S. p > 355 

0.05. 356 

 357 

Fig. 6 Correlation networks for the different variables quantified by BettaAI for 461 males 358 

responding to their mirror image (left) and a video playback of a conspecific (right). OD, Open 359 

opercula duration (s); TS, Time at the surface (s); TT, Time near stimulus (s); DS, Distance 360 

travelled (cm); DF, Distended fins frequency; DD, Distended fins duration (s); BG, Average 361 

body greyscale; BF, Bites frequency; AF, Air breathing frequency; OF, Open opercula 362 

frequency; CF, Charges frequency. Positive correlations are indicated with red lines and 363 

negative correlations with blue lines, with line thickness proportional to the correlation value. 364 

Non-significant correlations are not shown.    365 

 366 

Discussion 367 

This paper describes the development of BettaAI, a machine-learning object detection tool 368 

based on two models for quantifying aggressive behaviour in B. splendens, and validates its 369 
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performance against two distinct datasets. The application of the software for analysing 370 

multiple videos in high-throughput experiments was also demonstrated. BettaAI achieved 371 

robust performance across two different validation approaches. When evaluated against the 372 

validation dataset, the normalised confusion matrices for both side- and top-view models 373 

showed good performance with low rates of false positives and negatives. The top-view model 374 

achieved a mAP of 0.99, with near-perfect classification across all classes in the normalised 375 

confusion matrix. The lowest classification accuracy was observed between the "open 376 

opercula" and "head" classes, with 4% of "open opercula" instances misclassified as "head". 377 

This is likely because determining when an operculum is open is inherently challenging, as it 378 

depends on the angle of both the fish and the opercula relative to the camera. Nevertheless, the 379 

post-processing rules implemented improved discrimination between these categories, and a 380 

misclassification rate of only 4% is considered low. For the side-view model, the mAP was 381 

0.964, with the lowest AP observed for the "bite" class (0.865). This is likely because biting 382 

was a rare event in the training dataset, making it more challenging for the model to learn. The 383 

remaining classes all showed high AP values, ranging from 0.978 for "distended fins" to 0.995 384 

for "reflection". The lowest classification accuracy in the confusion matrix was between 385 

"distended fins" and "relaxed fins", probably because the gradation in fin opening makes 386 

labelling challenging.   387 

 388 

When compared against the ground truth dataset, where classification was evaluated against 389 

two epxert observers, BettaAI again performed well. Agreement and consistency scores 390 

between the average of the two expert observers and BettaAI were high across all behaviours, 391 

with ICC ranging from 0.99 for opercular displays to 0.81 for the duration of fin distension. 392 

Strong correlations were also observed, with Pearson's coefficients above 0.93 for all variables, 393 

except for the duration of fin distension, which had a correlation of 0.85, a value that remains 394 
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high. Importantly, no systematic differences were found between the human and BettaAI 395 

classifications, as indicated by non-significant paired t-tests. This contrasts with the 396 

comparison between the two expert observers alone, where significant biases emerged for the 397 

frequency and duration of fin distension, and a near-significant bias for time with open 398 

opercula, further highlighting how an objective detection model can help standardise 399 

recognition of behaviours that are subject to interpretation. These two validation approaches 400 

demonstrate that an AI model can reliably recognise and measure aggressive behaviours in 401 

fish. One potential refinement concerns the classification of “open opercula” versus “head”, 402 

and of “distended fins” versus “relaxed fins”. Although misclassifications between these 403 

categories were minimal, in the validation dataset and did not compromise overall model 404 

performance, incorporating additional post-processing rules could further enhance precision. 405 

For example, the angle between the opercula and the head could be used to determine when 406 

the opercula are open (e.g., ≥90°), and a minimum degree of fin distention could be defined for 407 

classification as "distended". These adjustments could further improve the precision of the 408 

model, although they are not strictly necessary given its already robust performance. 409 

 410 

BettaAI offers several advantages over traditional manual annotation. First, it is much faster to 411 

quantify behaviour using the automated process, allowing high-throughput experiments with a 412 

significantly higher number of subjects. This was exemplified by an experiment comparing the 413 

aggressive response of the same animals to video playback and a mirror image, using a dataset 414 

of 461 males. A previous study comparing responses to live and video-playback opponents was 415 

limited by manual annotation constraints to 8-10 animals per group (Alex et al., 2023). The 416 

comparison performed in that experiment showed differences in the time period of the fight 417 

(first or second half) that were independent of stimulus type (Alex et al., 2023). In contrast, the 418 

present study reveals that even if the two types of stimuli still enhance aggressive behaviour in 419 
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bettas, there are subtle differences in threat displays: fish presented with a mirror showed 420 

increased opercular opening (both in timing and frequency) and fewer, but longer, distended 421 

fin events compared to video playback. These differences, not observed previously, highlight 422 

BettaAI's capacity to detect subtle behavioural patterns through increased statistical power. 423 

Furthermore, this enabled the development of stable, stimulus-dependent correlation networks, 424 

contributing to a more precise delineation of behavioural responses. Then, as already 425 

mentioned, BettaAI allows unbiased and comparable estimates of behavioural results within 426 

and across experiments. The two expert observers who manually quantified the ground truth 427 

dataset were experienced in behavioural analysis of B. splendens aggressive displays, and inter-428 

observer agreement and consistency were generally high. However, a statistically significant 429 

bias emerged in the classification of two behaviours, with scores consistently higher for one 430 

observer. This finding underscores the need for standardised criteria and procedures to obtain 431 

comparable results across studies, a need that automated methods are particularly well-suited 432 

to address. 433 

 434 

Regarding the study species, B. splendens comprises several phenotypically distinct varieties, 435 

usually distinguished between long-tails such as "crowntail", "half-moon" or "veiltail" and 436 

short tail (Zhang et al., 2022). B. splendens, which is endemic to parts of Southeast Asia, is 437 

known for its intrinsic aggressiveness, character that has been recognized for centuries by 438 

locals, who began using males in staged fights as a national pastime (Smith, 1945). Winner 439 

lines are bred while loser lines are discarded, leading to the establishment of a “fighter strain”. 440 

Previous work from the laboratory has investigated the impact of this selection process by 441 

comparing wild-type with fighter strains (e.g. Ramos & Gonçalves, 2019, 2022). Fish from 442 

these strains have short fins and thus belong to the commonly denominated "plakat " variety. 443 

Importantly, the objective of the present study was to develop an automated detection process 444 
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specifically adapted to the experimental setup and the fish strains routinely used in the 445 

laboratory, rather than to create a general model applicable across all Betta varieties. However, 446 

the potential application of BettaAI to other strains cannot be excluded without further testing, 447 

if at least the experimental setup is maintained in the same way (two cameras). At the same 448 

time, if direct application to other strains proves unfeasible, the framework developed here can 449 

still serve as a useful and reliable strategy for developing similar tools tailored to different 450 

strains in the future. Indeed, the most time-consuming step in creating the model is the labelling 451 

phase: as the framework shows (Fig. 2B), a large number of images is required to train the 452 

classifier, but time is the only real limitation, as the process itself does not involve any 453 

conceptual or technical difficulty. In order to extend the application of the BettaAI model to 454 

other contexts, some adaptations would be required depending on the experimental setup, e.g. 455 

when using only one camera, working with multiple animals or studying other strains. While 456 

some variables quantified by BettaAI are likely unaffected by morphological variation (e.g., 457 

position variables, opercular opening, charges, bites), others, particularly fin distension, may 458 

require retraining or new training with images of different fish types. Nevertheless, following 459 

the procedure outlined here, it should be relatively straightforward to train or retrain the model 460 

for other specific Betta varieties. 461 

 462 

In conclusion, the BettaAI model proves to be a reliable and efficient tool for the quantification 463 

of aggressive behaviour in B. splendens when applied in a dual-camera setup (top and side 464 

views). By automating the detection and classification of threat displays, BettaAI provides a 465 

solid foundation for the broader application of machine-learning approaches in this species. 466 

Moreover, the framework developed here can readily be adapted or extended to quantify 467 

additional behavioural dimensions, offering a versatile platform for future studies on Betta 468 

behaviour and potentially other fish species. Although further technical refinements may 469 
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enhance its precision, the current version already represents a substantial advancement for 470 

high-throughput and reproducible behavioural analysis. 471 

 472 
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Supplementary Materials 594 

Table S1 - Number of animals, images and labels used for the final training of the top- and 595 

side-view models. Images for the two models were extracted from videos of 13 male B. 596 

splendens for training and 10 male B. splendens for validation.  597 

 Training Validation 

Top-view model   

Number of images 6920 3997 

Head labels 5001 3204 

Center labels 6920 3997 

Tail labels 6918 3996 

Body labels 6920 3997 

Reflection labels 3718 2163 

Open opercula labels 1920 793 

Side-view model   

Number of images 8994 4002 

Center labels 8000 3989 

Reflection labels 9904 4849 

Bites labels 787 28 

Relaxed fins labels 3243 1502 

Distended fins labels 3636 2052 

Air breathing labels 2245 552 

 598 

 599 

Table S2 - Variables quantified with BettaAI and the post-processing settings used in this study. 600 

For each variable, it is indicated whether information from the top-view model, side-view 601 

model, or both models was used. 602 
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 Top-view 

model 

Side-view 

model 

Post-processing settings 

Aggression    

Opercular opening X  Minimum duration 3 frames; Minimum 

interval 30 frames; Minimum confidence 

0.85. 

Fins distension  X Minimum duration 10 frames; Minimum 

interval 10 frames; Minimum confidence 

0.9. 

Bites  X Minimum duration 1 frame; Minimum 

interval 1 frame; Minimum confidence 0.7. 

Charges X X Minimum duration 15 frames; Minimum 

interval 15 frames; Only when performed in 

the direction of the stimulus; Only when 

speed > 0.2 cm/frame.  

Activity    

Air breathing  X Minimum duration 3 frames; Minimum 

interval 30 frames; Minimum confidence 

0.7; Only if at the surface. 

Distance traveled X X Calculated from XYZ position after manual 

calibration of top and side cameras. 

Close to stimulus X X Body center in a region of interest of 4 cm 

close to the stimulus. 

Away from stimulus X X Body center in a region of interest of 4 cm 

close to the side opposite to stimulus. 

At the surface X X Body center in a region of interest of 4 cm 

close to the surface. 

At the bottom X X Body center  in a region of interest of 4 cm 

close to the bottom. 

Orientation X  Line between head/opercula center and body 

center; Facing stimuli (45-135°). 

Freezing X X Minimum duration 150 frames; Maximum 

distance traveled between frames 0.25 cm. 

Body color  X Grayscale value from the body; side body 

angle < 10°, extrapolated for other frames. 

 603 
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Table S3 - Inter-observer agreement and consistency metrics for comparisons between the 604 

classifications of the two expert observers across the different aggressive behaviours recorded 605 

from 10 male B. splendens. Concordance was perfect for air-breathing frequency.  606 

 607 

 ICC agreement ICC consistency Pearson 

correlation 

coefficient 

Paired t-test 

(d.f. = 9) 

Open opercula 

duration 

0.981*** 0.981*** 0.988*** 2.174 

Open opercula 

frequency 

0.996*** 0.996*** 0.998*** 1.149 

Distended fins 

duration 

0.844*** 0.850*** 0.934*** 
 

2.809* 

Distended fins 

frequency 

0.727** 0.740** 0.959*** 
 

2.551* 

Charges 

frequency 

0.998*** 0.998*** 0.998*** 1.000 

Bites frequency 0.992*** 0.992*** 0.999*** 1.499 

Air breathing 

frequency 

1 1 1 NA 

* p < 0.05; ** p < 0.01; *** p < 0.001. 608 

 609 

Supplementary Video 1 - Example of top- and side-view recordings after model inference and 610 

post-processing. The video illustrates the automated tracking of the fish and detection of 611 

behavioural categories. The top-view shows body orientation, together with the detection and 612 

labelling of specific behaviours (e.g., Open opercula), while the side-view provides 613 

complementary detection of behaviours visible from the lateral perspective (e.g., Distended 614 

fin). Bounding boxes and confidence scores indicate model detections. 615 
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