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Introduction

Monitoring acoustic activity is a promising approach for assessing animal welfare in cetaceans. In particular, variations in vocal production may reflect changes in arousal and emotional state, which are critical components of welfare.





Methods

We implemented a long-term passive acoustic monitoring system to continuously record the vocal activity of a group of five killer whales (Orcinus orca) under human care at Orca Ocean, Loro Parque. Using a custom detection algorithm and classification criteria, we focused on quantifying the rates of discrete call production throughout the day and across different seasons.





Results

The results revealed strong diel patterns in vocal activity, with increased rates during the day, particularly around feeding and training sessions, and minimal vocal activity overnight. Additionally, we observed seasonal variability, with higher overall call rates during the summer and autumn months. These fluctuations suggest that vocal activity may be influenced by both scheduled events and environmental conditions.





Discussion

Our findings support the use of passive acoustic monitoring as a tool to identify behavioural rhythms and potential indicators of arousal in orcas. This approach may contribute to welfare assessment protocols by providing non-invasive, continuous data on vocal behaviour. Moreover, the system demonstrated robust performance over extended periods, confirming its suitability for long-term implementation in both managed and wild populations.
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1 Introduction

Killer whales (Orcinus orca) communicate through a wide range of vocalizations, including pulsed calls, whistles, and echolocation clicks (Ford, 1989, 1991; Thomsen et al., 2002). The ability to produce, perceive, and interpret these sounds is essential for their survival, as it enables critical behaviors such as social interaction, reproduction, and hunting (Ford, 1989; Miller, 2006). Pulsed calls, in particular, likely support intra-group communication, with pods typically sharing between 7 and 17 distinct call types that are structurally unique (Ford, 1989). These discrete calls are highly stereotyped and specific to individual pods, allowing researchers to identify populations and track their movements across oceans (Ford, 1991; Yurk et al., 2002). Pulsed calls and whistles are thought to be communication signals (Ford, 1989; Thomsen et al., 2002) used by killer whales in a variety of behavioural contexts, including social interactions (Ford, 1989; Filatova et al., 2013). These calls are thought to facilitate contact between members of the social group, ensuring cohesion despite physical separation (Ford, 1989, 1991).The characteristics of killer whale vocalizations can also vary depending on ecological circumstances and prey specialization. For instance, Shetland herring-eating killer whales produce a specific call type that matches a vocalization previously identified in Icelandic killer whales (Deecke et al., 2011). This call, thought to function as a herding call, likely aids in concentrating herring during feeding. Additionally, the structure and frequency of discrete calls are influenced by their functional context (Miller, 2006). Analysis of frequency in resident killer whales of the Northeast Pacific, revealed two distinct types: biphonic calls, which include overlapping high-frequency components, and monophonic calls, which do not (Filatova et al., 2009; Filatova, 2020). Biphonic calls exhibit higher source levels, suggesting a larger active space compared to monophonic calls, and likely serve different communicative purposes.

In addition to variations in the structure of vocalizations, sound production patterns also exhibit considerable variability across species and contexts. Studies on primates, for example, highlight the diversity in vocal production across different species, shedding light on its ecological and social drivers (Schneiderová et al., 2020). Among cetaceans, this variability has been explored extensively, particularly in odontocetes, where vocalizations are used to monitor presence and abundance in remote locations through passive acoustic monitoring (PAM) (André et al., 2011; Hanson et al., 2013; Fleishman et al., 2023). Additionally, vocalization patterns often vary with behavioral states, such as activity levels or arousal, which must be accounted for to improve detection probabilities (Bain, 1986; Buckstaff, 2004; Holt et al., 2013; Probert et al., 2021).

For example, in bottlenose dolphins (Tursiops truncatus), whistle emission rates can fluctuate dramatically depending on environmental or social factors. Moore and Ridgway (1996) observed that the number of whistles emitted by two female dolphins over a year ranged from 1,682 to 6,793 per 24-hour period, with sound production negatively correlated with progesterone levels. Similarly, Buckstaff (2004) found that dolphins whistle more frequently during the onset of vessel approaches, possibly reflecting heightened arousal or an adaptive response to signal masking in noisy environments. In contrast, Quick and Janik (2008) noted that whistle rates decreased in larger groups where signal masking by conspecifics might hinder communication. Geographic and ecological factors further contribute to variability in vocal behavior, as highlighted by Oswald et al. (2008), who identified significant differences in whistle rates among small odontocetes in temperate and tropical regions, influenced by predator density, group composition, and environmental conditions.

Killer whales exhibit considerable variability in their vocalization patterns, influenced by behavioral states, social dynamics, and ecological contexts. Early studies (Ford, 1989; van Opzeeland et al., 2005) demonstrated how call sequences, rather than isolated call types, are more strongly associated with group behaviors such as foraging. For example, during carousel feeding, the temporal organization of call sequences appears critical for maintaining group coordination and synchronizing movements. Changes in vocal activity have also been linked to ecological specialization, as shown by (Deecke et al., 2011), who observed distinct patterns of call production in seal-hunting and herring-eating killer whale populations. Seal-hunting groups exhibited lower call rates, possibly to avoid detection by acoustically sensitive prey, whereas herring-eating groups employed higher call rates, including specific herding calls, to concentrate prey during feeding.

Vocalization rates in killer whales also vary depending on environmental and social factors. van Opzeeland et al. (2005) observed fluctuations in call rates linked to activity states, with increased rates during socializing compared to traveling or resting. Additionally, Poupard et al. (2021) noted behavioral responses, such as increased call rates and changes in vocalization patterns, when killer whales encountered external stimuli, including vessels. These findings suggest that vocalization patterns in killer whales are not static but instead dynamically adapt to their ecological and social environments.

Vocalization rates in animals are often linked to levels of arousal, reflecting responses to social and environmental stimuli. In terrestrial mammals such as silver foxes, vocal production rates increase during both positive and negative arousal states, while rhesus monkeys emit higher-frequency calls in negative contexts like aggression (Whitham and Miller, 2024). Among cetaceans, the relationship between vocal activity and arousal has been explored extensively, particularly in bottlenose dolphins (Tursiops truncatus). Whistle production rates have been shown to increase during foraging, human interactions, mother-calf separations, and perceived stress, reflecting heightened arousal in these situations (Eskelinen et al., 2022). In dolphins under human care, peaks in vocal activity are often associated with feeding and training sessions, indicating a connection to anticipatory behaviors and social coordination, while decreases occur during resting periods, particularly at night (Therrien et al., 2012; Probert et al., 2021, 2023). Furthermore, sound production rates during cooperative interactions are higher than during solitary activities, highlighting the role of vocalizations in coordinating social behaviors (Eskelinen et al., 2016).

In killer whales, Weiss et al. (2007); Rehn et al. (2007) explored vocal activity in relation to arousal across different social contexts in the Northern Resident population off Vancouver Island. Their findings revealed significant changes in vocal behavior depending on the presence and identity of accompanying whales. Specifically, high-arousal call types, such as family-specific call subtypes and aberrant calls, were emitted at greater rates during intergroup encounters, while low-arousal calls were more commonly used in less dynamic social settings. These results suggest that killer whale vocalization rates and types are closely tied to social arousal.

Building on these findings (Probert et al., 2021, 2023) emphasized the potential of vocal behavior as a non-invasive tool for monitoring welfare in animals under human care. In their study, vocalization rates and characteristics were associated with scheduled events such as feeding and human interaction, and were thought to reflect underlying emotional states. They proposed that establishing baseline vocalization patterns for individuals provides a valuable index for detecting abnormal changes, which could indicate shifts in welfare state. While increased arousal may not always distinguish between positive and negative emotional states, monitoring vocal behavior offers critical insights into the animals’ experiences and welfare, both in natural settings and under human care.

The use of vocalizations as a proxy for monitoring animal welfare has gained significant attention, beginning with terrestrial mammals. Early studies suggested that vocal behavior can reflect emotional and physiological states, providing a non-invasive means of assessing welfare (Manteuffel et al., 2004; Schön et al., 2004; Hewson, 2004). Advances in automated acoustic analysis have further facilitated the application of vocal monitoring for detecting stress, positive emotions, and even early indicators of disease in animals (Laurijs et al., 2021; Whitham and Miller, 2024; Jones et al., 2024). Notably, studies on bottlenose dolphins have identified the so-called “victory squeal”—a distinct burst-pulse vocalization emitted upon successful task completion or prey capture—as a potential acoustic indicator of positive affect, possibly mediated by dopaminergic activation (Ridgway et al., 2015).

In cetaceans, vocal behavior has similarly been used to infer welfare-related states. Bottlenose dolphins (Tursiops truncatus) increase whistle rates during stressful contexts such as capture-release events and medical procedures or boat presence, while decreases in vocal activity have been observed following significant stressors, such as transportation in belugas (Delphinapterus leucas) (Buckstaff, 2004; Castellote and Fossa, 2006; Esch et al., 2009; Jones et al., 2021; Wong et al., 2023). Conversely, elevated vocalization rates have been linked to positive states, such as cooperative activities and anticipatory behaviors (Eskelinen et al., 2016; Probert et al., 2021). These insights have been operationalized at the US Navy Marine Mammal Program in San Diego, where the Welfare Acoustic Monitoring System (WAMS) employs real-time acoustic monitoring to detect deviations in vocal behavior, enabling proactive welfare management (Winship and Jones, 2023).

For killer whales, studies on vocalizations in welfare contexts remain limited. Filatova et al. (2009) found that biphonic calls were more frequent during inter-pod interactions, suggesting a role in cohesion or agonistic signaling. Similarly, Graham and Noonan (2010) identified specific call types associated with rare aggressive chase events in captive orcas, providing a potential acoustic signature for agonistic interactions. However, comprehensive studies linking vocalization rates to arousal or welfare states are lacking, leaving an essential gap in understanding how killer whale vocal behavior may reflect both positive and negative emotional states.

While vocal behavior has been widely recognized as a valuable indicator of affective states in various species, including cetaceans, there is a significant lack of evidence on its applicability as a welfare proxy for killer whales. Existing studies have identified vocalizations associated with agonistic behaviors and negative affective states in orcas, yet comprehensive data linking vocalization rates to welfare remain scarce. This gap highlights the urgent need for systematic research to explore the potential of vocal behavior as an indicator of both positive and negative affective states in this species, as emphasized in the broader field of animal welfare science (Whitham and Miller, 2024).

To address this gap, the goal of this study is to evaluate the potential value of vocalization rate and overall vocal activity, specifically focusing on pulsed calls, as indicators of welfare in killer whales. This research is essential for establishing a robust framework for both welfare monitoring and population assessments. Ultimately, such efforts aim to advance our understanding of welfare in managed care settings while also providing valuable acoustic benchmarks for conservation studies in the wild, enabling more informed and proactive management decisions that prioritize the well-being of killer whales.




2 Materials and methods



2.1 Subjects

Underwater vocalizations of three male (Keto, Tekoa, and Adán) and four female (Kohana, Skyla, Ula, and Morgan) killer whales have been recorded at the Loro Parque facility (Tenerife, Spain) during different periods since early 2007. All individuals, except Morgan, belonged to the second and third generations of killer whales born under human care. These orcas descended from Icelandic (Keto, Tekoa, Kohana, and Skyla), Canadian resident (Keto and Skyla), and transient (Tekoa) lineages. Kohana, Skyla, Keto, and Tekoa were transferred to Loro Parque in February 2006 from SeaWorld parks in the United States (males from San Antonio, Texas; females from Orlando, Florida) (Kremers et al., 2012). Adán was born to Keto and Kohana on October 12, 2010, and Ula was born to Keto and Morgan on September 22, 2018, both at Loro Parque. Morgan was rescued in the Netherlands in 2010 in an emaciated and dehydrated state and was temporarily housed at the Harderwijk Dolphinarium. Several months after her rescue, she began producing vocalizations identified as similar to those of Norwegian herring-eating killer whales, supporting the hypothesis of her origin from this population. Morgan was transferred to Loro Parque in November 2011 following a judicial decision. Shortly after her arrival, she was suspected to be deaf, a condition confirmed through evoked potential measurements (Lucke et al., 2009, 2016). During the analyzed period (2015–2020), six individuals were present in the facility until the birth of Ula on 21 September 2018, after which the group size increased to seven.




2.2 Facilities

The Loro Parque facility (Orca Ocean) comprises four interconnected pools with a combined capacity of 24 million liters (see details in Lüke et al., 2010; Kremers et al., 2012). Trainer interactions occurred eight times daily, with two or three of these sessions, depending on the season, being public presentations. The Orca Ocean facility is equipped with hydrophones (ITC-6050C, International Transducer Corporation, Santa Barbara, CA) embedded in the pool walls. These hydrophones have an open-circuit sensitivity of approximately −157 ± 3 dB re 1 V/µPa and a broad frequency response range of 0.03–70 kHz, making them well-suited for capturing cetacean vocalizations. Initially, these hydrophones were connected to a central server via a multi-channel digitizing card (sample rate: 200 kHz, frequency response: 0.02–75 kHz, resolution: 16 bits). A custom detection software (Lüke et al., 2010) continuously operated on the server, detecting and extracting individual sound events in real time. Each detected event was saved as a separate, time-tagged sound file for subsequent analysis. Over the past two decades, the system has undergone multiple upgrades, resulting in data sets from different time periods with varying characteristics. In 2015, the system was enhanced with individual processing nodes capable of digitizing sound but sound stream was still sent to a central server were a detection software extracted time-tagged sound events from the stream incoming from each hydrophone. In 2020, the nodes were further improved, to implement detection directly on the nodes by extracting sound events exceeding a certain noise threshold. These events were temporarily stored at the nodes before being transferred to a central server for permanent storage via Ethernet. Additionally, since changes in hardware were made, the sampling frequency was set to 192 kHz. In 2022, the nodes were further improved to process sound events using neural networks for advanced analysis. In 2024, the neural network architecture was further improved and was used to conduct the study shown in this paper. To ensure accuracy and prevent event duplication, all recordings used in this research were conducted using a single hydrophone.



2.2.1 Behavioural data collection and welfare scoring

Daily behavioural data for each individual killer whale were collected by animal caretakers at Loro Parque as part of the facility’s established welfare monitoring practices. Observations were recorded using individualized forms during structured training sessions conducted under an operant conditioning regime with positive reinforcement. Requested behaviors encompassed a wide range of contexts, including husbandry and medical procedures, scientific interactions, and public presentations.

Performance in each of the eight daily training sessions was evaluated using a three-point scale reflecting the animal’s level of motivation and engagement. A score of 3 denoted high performance, characterized by a consistent willingness to participate and fulfill behavioural criteria; a score of 2 indicated intermediate performance; and a score of 1 reflected low performance, defined by reluctance to engage, refusal to participate, or failure to meet the expected criteria across repeated requests. The presence of one or more sessions scored as ‘1’ within a day was categorized as an indicator of reduced willingness to participate in training and considered a potential welfare concern in line with published frameworks (Shyne, 2006; Clegg et al., 2017; Delfour et al., 2021). Score 3, considered by caretakers as the expected baseline level of performance, was not systematically recorded; for this reason, only scores of 1 and 2 were included in the analysis, as these represent deviations from normal training engagement and may indicate cognitive bias (Clegg et al., 2017) or welfare-related issues.

In addition to training performance, caretakers recorded social dynamics within the group by documenting specific events such as social displacements, spontaneous separations from the trainer during sessions (splits), and behavioural refusals. Social displacement refers to instances during which one killer whale approaches and causes another individual to vacate its position—such as leaving a station, resource, or trainer’s proximity—due to social pressure, dominance, or competition within the group. Each incident was annotated with the identity of both the initiator and recipient of the interaction. These occurrences were categorized as markers of social instability and included as qualitative welfare indicators following recommendations from C-Well (Clegg et al., 2015), Dolphin WET (Baumgartner et al., 2024), and broader applications of the Five Domains Model (Mellor et al., 2020). Although social displacements, splits, and refusals were recorded at the individual level, they were analyzed as group-level metrics to align with the group-based nature of the vocal activity data. This approach acknowledges the limitations of attributing vocalizations to specific individuals with the available acoustic equipment. However, in some exploratory analyses, individual-level behavioural indicators were compared against group-level vocal metrics to assess whether individual animals might affect collective vocal dynamics.

These behavioural observations formed part of a comprehensive dataset integrated with veterinary and environmental records to support the daily assessment of individual and group welfare. Although some indicators have not yet been fully validated for killer whales, the approach was informed by validated practices in bottlenose dolphins and aligned with emerging standards in cetacean welfare science (Baumgartner et al., 2024).





2.3 Data collection and analysis

To assess the vocal activity of the orcas, we selected a six-year period (2015–2020) from the stored events, explicitly choosing a timeframe during which the recording system (including hydrophone configuration, software version, and detector parameters) remained unchanged. This ensured data consistency and comparability across years by avoiding artifacts introduced by modifications to the detection system. It is important to note that vocalizations could not be attributed to specific individuals, as the monitoring system relied on a single hydrophone and no individual acoustic signatures (e.g., signature calls) were identified or classified. As such, vocal data represent group-level activity rather than individual vocal output. Periods during which the system was non-operational were excluded from the analysis. A classification between örca” and “no orca” events was conducted using a convolutional neural network trained on a dataset comprising 85,158 manually labeled audio segments. The dataset was split into training (80%), validation (10%), and test (10%) subsets. The network achieved a classification accuracy of 95.6%, with a precision of 92.5% and a recall of 90.5% on the validation set. This updated system builds on our previous work (Lüke et al., 2010) but incorporates architectural refinements based on artificial intelligence to enhance discrimination performance. A dedicated manuscript describing the network design and optimization procedures in full detail is currently in preparation. Using that network a data set of about 1.5 million orca calls was extracted from an event database of 4 million events. These classifications, along with their corresponding timestamps, were stored in a database for subsequent statistical analysis. Vocalization rates were quantified both as the percentage of active minutes (defined as minutes with more than one detected vocalization) and as the number of events per orca per minute, the latter serving as a normalization metric to account for group size rather than reflecting individual-level attribution.

The caretakers’ daily behavioral records for each individual orca were digitized and compiled into a centralized database for comprehensive analysis. This database cataloged instances where an individual received one or more scores of “1” or “2” in a day, indicating low performance. Additionally, the records detailed occurrences of social displacements and other notable behaviors. Subsequently, the rate of orca pulsed calls per minute was computed using a custom Python script. Whistles were excluded from the analysis, as they represented less than 1% of the total vocal events classified, and the focus was placed on pulsed calls, which constitute the predominant and socially meaningful vocal category in killer whales. The data were then used to determine the number of active minutes per day and across different time periods (Dawn, Day, Dusk, Night), from which the corresponding percentages of vocal activity were derived. These diel periods were dynamically assigned using a custom Python script that calculated astronomical sunrise and sunset times for each date and geographic location. This was achieved using the Astral 3.2 module (Rhodes, 2024), which accounts for seasonal variation in daylight duration. Based on these values, each minute of data was categorized according to its position relative to dawn, daylight, dusk, or night-time.

The statistical analysis was performed using Python 3.10 with libraries NumPy (Harris et al., 2020), SciPy (Virtanen et al., 2020), Pandas, Matplotlib, and Statsmodels (Seabold and Perktold, 2010). Normality of vocalization data was assessed using the Shapiro–Wilk test. Several theoretical probability distributions (Poisson, Negative Binomial, Log-normal, Gamma, and Weibull) were fitted to the data using maximum likelihood estimation to evaluate their suitability for describing vocal activity metrics.

Differences in vocal activity across diel periods (dawn, day, dusk, night), seasons, and hours were evaluated using the non-parametric Kruskal–Wallis H test. Where significant effects were found, post hoc pairwise comparisons were conducted using Mann–Whitney U tests with Bonferroni correction to control for Type I error.

To examine associations between behavioural indicators (e.g., low-performance scores, social splits, displacements) and vocal activity metrics (mean vocalizations per minute, percentage of vocal minutes), we used a Spearman’s rank correlation (for monotonic associations) and Generalised Linear Models (GLMs). GLMs were implemented using Poisson and Negative Binomial distributions, and model selection was guided by Akaike Information Criterion (AIC) comparison and overdispersion statistics.

To address zero-inflation, we evaluated zero-inflated Poisson, zero-inflated Negative Binomial, and hurdle models using the statsmodels discrete count model framework. These models were assessed based on AIC, log-likelihood, and Vuong’s test where appropriate. Since the proportion of zero-valued data was below 20%, Negative Binomial GLMs were retained as the final model form in most cases.





3 Results



3.1 Orca vocalization classification and distribution

The classification algorithm effectively distinguished between “orca” and “no orca” events, identifying 1,491,682 acoustic events as orca vocalizations from all recorded events between 2015 and 2020 (Table 1). These classified vocalizations were detected over a total of 792.5 days within the study period, with consistent detector parameters maintained throughout.


Table 1 | Summary of annual recording effort and number of detected orca vocalizations (2015–2020).
	Year
	Events
	Total Recording Time



	2015
	59,102
	10 d 12 h 27.29 m


	2016
	313,595
	62 d 17 h 11.36 m


	2017
	38,656
	80 d 13 h 29.27 m


	2018
	126,063
	52 d 17 h 23.76 m


	2019
	473,673
	352 d 03 h 27.19 m


	2020
	480,593
	233 d 19 h 50.63 m


	Total
	1,491,682
	792 d 11 h 49.50 m





The table includes the total number of detected orca vocalizations per year, along with the corresponding total recording time (expressed in days (d) hours(h) and minutes (m) analyzed. Only recordings with consistent detector settings were included in the analysis.



To evaluate the distribution of vocal events, a histogram of vocalization rates per minute was constructed (See Supplementary Materials Figure S9). A significant percentage of minutes contained zero vocalizations, resulting in a distribution heavily skewed toward zero. The Shapiro-Wilk test confirmed the non-normality of vocal activity (W = 0.672, p < 0.05), and evaluations of theoretical probability models (Poisson, Log-normal, Gamma, Weibull) failed to provide an adequate fit.

Excluding silent periods (i.e., minutes with zero vocalizations), the median number of vocalization events per minute per orca was 0.571, with the 5th and 95th percentiles at 0.143 and 2.500, respectively. Across the entire dataset, vocal activity was detected in 23.9% of all recorded minutes (Table 2).


Table 2 | Descriptive statistics for the number of vocalization events per minute per orca across diel periods.
	Period
	Total Minutes
	Median Evs/Min/O
	5th Percentile
	95th Percentile



	Dawn
	15,011
	0.714
	0.143
	2.714


	Day
	166,612
	0.571
	0.143
	2.142


	Dusk
	9,190
	0.428
	0.143
	2.142


	Night
	81,665
	0.500
	0.143
	2.285


	Total
	272,478
	0.571
	0.143
	2.500





For each diel phase (dawn, day, dusk, night), the table presents the total number of minutes analyzed, the median number of vocalizations per minute per orca, and the 5th and 95th percentiles, reflecting the skewed distribution of vocal activity.






3.2 Temporal patterns of vocal activity

Vocal activity levels, normalized per individual, varied significantly across different times of the day. The highest median vocalization rate was recorded at dawn (0.714 events per minute per orca; 5th–95th percentiles: 0.143–2.714), followed by day (0.571; 0.143–2.142), night (0.500; 0.143–2.285), and dusk (0.428; 0.143–2.142). A Kruskal–Wallis test confirmed that these differences were statistically significant (H = 1203.09, p < 0.0001), and Dunn’s post hoc comparisons revealed significant pairwise differences between all diel periods (p < 0.05).

To further investigate intra-day variation in vocal activity, we analyzed the percentage of minutes with vocalizations per hour throughout the 24-hour cycle. As shown in Figure 1, this analysis revealed consistent peaks in vocal activity around 07:00, 11:00, and 16:00. At these peak hours, the median percentage of active minutes reached 32.8% at 07:00, 41.7% at 11:00, and 31.7% at 16:00. The 5th to 95th percentile range for these hours extended from 27.6% to 37.2% (07:00), from 38.3% to 46.7% (11:00), and from 26.7% to 35.0% (16:00). A Kruskal–Wallis test across hours yielded a highly significant result (H = 2027.83, p < 0.001), confirming differences in hourly vocal activity. However, subsequent Mann–Whitney U tests between consecutive hours did not identify statistically significant differences, suggesting that the observed peaks represent broader temporal trends rather than abrupt shifts in vocal behavior.

[image: Line chart showing the percentage of active minutes per hour with 95% confidence intervals from 0 to 23 hours. Activity peaks at 12:00 with a median of around 20%. Confidence intervals are marked with red lines.]
Figure 1 | Hourly distribution of vocal activity expressed as the percentage of minutes containing vocalizations. This figure displays the relative percentage of minutes per hour during which vocalizations were detected in the study period (2015–2020). Data are aggregated across all individuals and years.

Seasonal patterns in vocal activity were analyzed using the percentage of active minutes per day as the primary metric, allowing for a standardized comparison across periods with differing recording effort. A Kruskal–Wallis test revealed significant variation in daily vocal activity across seasons (H = 566.95, p < 0.001). The highest median vocal activity was observed in both spring and winter (18.33%), followed by summer (10.00%), and the lowest in autumn (6.67%). Confidence intervals around the median values were narrow, indicating consistent seasonal trends: spring (CI = [16.67%, 18.33%]), winter (CI = [16.67%, 20.00%]), summer (CI = [10.00%, 11.67%]), and autumn (CI = [5.00%, 6.67%]).

Post hoc Mann–Whitney U tests confirmed that vocal activity in autumn was significantly lower than in all other seasons (p < 0.001 for all comparisons). Spring also showed significantly higher vocal activity than summer (p < 0.001), while no significant difference was detected between spring and winter (p = 0.9111). In contrast, winter exhibited significantly greater vocal activity than summer (p < 0.001).

When examining diel trends across seasons, the vocal activity heatmap (Figure 2) revealed a marked increase in vocalization rates during the first months of the year, particularly concentrated during daylight hours. This elevated activity gradually declined toward the latter part of the year, with autumn showing the lowest levels of vocal output. The distribution of vocal activity remained consistently skewed toward daytime hours throughout the year, with reduced activity during nocturnal periods. While these trends align with the seasonal comparisons reported above, it is important to interpret them with caution, as variations in recording effort and sample size across months and seasons may have introduced some degree of observational bias.

[image: Heatmap showing average vocalizations by hour and month. The x-axis represents months January to December, and the y-axis represents hours of the day. Intensity increases from blue to red, highlighting peaks in vocalizations between 7–10 AM and 2–4 PM, especially during January and February.]
Figure 2 | Heatmap of vocal activity across hours of the day and months of the year. Each cell represents the mean percentage of minutes with vocal activity for a given hour and month. Warmer colors indicate higher levels of vocal activity. This visualization highlights diel and seasonal trends in vocalization behavior.




3.3 Correlation between vocal activity and behavioral variables

Across the six-year study period, trainer-assigned low-performance scores (“1”) represented 4% of all recorded behaviors. Social imbalance events, including separations from trainer control, refusals to perform requested behaviors, and inter-individual displacements, were relatively infrequent, comprising 2%, 1%, and 1% of recorded observations, respectively. The Spearman correlation analysis identified significant but weak relationships between vocalization patterns and behavioral indicators (Figure 3). A significant positive correlation was found between the cumulative count of animals splitting from trainer control and the number of active vocalization minutes per day (r = 0.16,p < 0.001). Similarly, various vocal activity metrics were positively correlated with the frequency of “1” performance scores across individual orcas, regardless of sex (See Table 3 for a detailed explanation on the variables analyzed). It is important to clarify that while vocal activity data were collected at the group level and not attributed to individual animals, some correlations were conducted between group-level vocal indices and individual-level behavioural indicators (e.g., #1sMO1, #2sFO2) in an exploratory manner. The aim was not to infer individual vocal output, but to investigate whether specific individuals—particularly those experiencing cognitive or social challenges—might exert a disproportionate influence on the overall vocal dynamics of the group.

[image: Spearman correlation heatmap displaying significant correlations between predictor and dependent variables. Positive correlations are shown in red, negative in blue, with correlation values ranging from -0.15 to 0.16. Rows represent dependent variables such as “Dawn Active Minutes” and “Mean Vocalizations,” while columns represent predictor variables like “#1s” and “Split.]
Figure 3 | Spearman correlation matrix showing relationships between vocal activity metrics and behavioural indicators. The matrix presents Spearman’s rank correlation coefficients (ρ) between multiple behavioural metrics (e.g., refusals, splits, performance scores) and vocal activity parameters (e.g., percentage of vocal minutes, mean vocalization rate, dispersion). Positive and negative correlations are indicated by blue and red hues, respectively, with intensity reflecting the strength of the correlation.


Table 3 | Descriptions of behavioural and vocal activity variables used in the statistical analysis.
	Variable
	Description



	#1sMO1
	Number of “1” codes registered for Male orca 1


	#1sMO2
	Number of “1” codes registered for Male orca 2


	#1sMO3
	Number of “1” codes registered for Male orca 3


	#1sFO1
	Number of “1” codes registered for Female orca 1


	#1sFO2
	Number of “1” codes registered for Female orca 2


	#1sFO3
	Number of “1” codes registered for Female orca 3


	#1sFO4
	Number of “1” codes registered for Female orca 4


	#1s
	Number of “1” codes registered in total


	#2sMO1
	Number of “2” codes registered for Male orca 1


	#2sMO2
	Number of “2” codes registered for Male orca 2


	#2sMO3
	Number of “2” codes registered for Male orca 3


	#2sFO1
	Number of “2” codes registered for Female orca 1


	#2sFO2
	Number of “2” codes registered for Female orca 2


	#2sFO3
	Number of “2” codes registered for Female orca 3


	#2sFO4
	Number of “2” codes registered for Female orca 4


	#2s
	Number of “2” codes registered in total


	Refuse
	Total number of events of animals refusing to performa a behavior recorded during a day


	Split
	Total number of animals spliting from trainer control recorded during a day


	Displace
	Total number of displacements between animals recorded during a day


	DawnActiveMinutes
	Number of minutes with vocal activity during dawn


	DawnPercentage
	Percentage of minutes with vocal activity during dawn


	DayActiveMinutes
	Number of minutes with vocal activity during day


	DayPercentage
	Percentage of minutes with vocal activity during day


	DuskActiveMinutes
	Number of minutes with vocal activity during dusk


	DuskPercentage
	Percentage of minutes with vocal activity during dusk


	NightActiveMinutes
	Number of minutes with vocal activity during night


	NightPercentage
	Percentage of minutes with vocal activity during night


	WholeDayActive
	Number of minutes with vocal activity during the whole day


	WholeDayPercentage
	Percentage of minutes with vocal activity during the whole day


	MinutesWithV ocalizations
	Number of minutes with vocalizations during the whole day


	MedianV ocalizations
	Median of day vocalizations


	V ocalizationDispersion
	Dispersion of mean vocalizations per minute (5%-95%)





This table defines each variable analyzed in the correlation and generalized linear models. Variables include individual-level and group-level behavioural indicators (e.g., refusals, splits, displacements) and derived metrics of vocal activity (e.g., active minutes per period, vocalization dispersion).



Conversely, positive behavioral indicators involving both males and females showed a significant negative correlation with vocal activity minutes (r = −0.19,p = 0.001), suggesting that increased vocalization is associated with social instability and cognitive disengagement, while positive social interactions correspond to lower vocal output.




3.4 Generalized linear models for vocal activity

GLMs were used to examine the relationship between social and behavioral factors and vocal activity. Both Poisson and Negative Binomial models were tested, considering interaction terms to assess the influence of various behavioral predictors (See full set of model outputs and parameters in the Supplementary Materials).

The Shapiro–Wilk test confirmed that the distribution of the response variable deviated from normality, supporting the use of Generalized Linear Models (GLMs). Overdispersion was detected in models for Whole Day Percentage, Day Percentage, and Night Percentage, leading to the selection of Negative Binomial models as the best fit based on lower AIC values (See Table 3 for a detailed explanation on the variables analyzed). Zero-inflated and hurdle models were evaluated to account for excess zeros in the dataset, but since the proportion of zero values was low (< 20%), a standard Negative Binomial model was deemed appropriate.

For Mean Vocalizations, no strong predictors were identified, as none of the explanatory variables (#1s, #2s, Split, #1sMO1, #1sFO2, #2sFO2, #2sFO3) reached statistical significance. The low Pseudo R2 (0.02953) suggests that vocalization rates are only weakly related to social behavior.

For Vocalization Dispersion, significant predictors were identified. Low-performance days (#1s) negatively correlated with vocalization dispersion (p = 0.021,β = −0.0622), while one male’s low performance (#1sMO1) showed a significant positive correlation (p = 0.036,β = 0.0942).

For Whole Day Percentage, low-performance days (#1s) and normal-performance days (#2s) negatively impacted vocal activity (p < 0.001). In contrast, social separations (Split) had a significant positive effect (p < 0.001,β = 0.0605). The inclusion of interaction terms, particularly #1s × Split and #2s × Split, improved model fit, suggesting that vocal activity was influenced by the combined effects of cognitive state and social separations.

For Day Percentage, a similar pattern was observed, with low- and normal-performance days negatively correlated with daytime vocal activity (p < 0.001), while social separations increased vocalization (p < 0.001,β = 0.0615).

For Night Percentage, low-performance and normal-performance days correlated with reduced nighttime vocalization (p < 0.001), while specific individuals exhibited increased nighttime vocalization.

The inclusion of interaction terms improved model fit, particularly #1s × Split (p < 0.001,β = 0.0146), indicating that low-performance days and social separations jointly influenced vocalization patterns.





4 Discussion

While animal welfare is inherently an individual-level construct, this study explored the potential for vocal activity measured at the group level to serve as a practical, non-invasive proxy for monitoring collective welfare dynamics in a socially complex species. Given that vocalizations could not be attributed to specific individuals due to the use of a single hydrophone and the absence of distinctive individual acoustic markers, all acoustic analyses were conducted at the group level. We acknowledge this limitation and interpret our findings with appropriate caution. Nonetheless, group-level vocal activity may still reflect meaningful changes in social cohesion, arousal, or stress, particularly in structured social groups where individual states may influence group-wide behavior. As such, this work represents an initial step toward identifying vocal parameters that could inform welfare assessment frameworks, even when individual vocal attribution is not feasible.

An additional limitation of this study is the small sample size and the potential influence of social structure on vocal behavior within the group. Although vocalizations were analyzed at the group level, differences in individual vocal output—driven by dominance, age, sex, or social role—may affect the overall acoustic patterns detected. In a socially complex species such as the killer whale, a small number of highly vocal individuals could disproportionately influence group-level acoustic metrics, particularly in the absence of individual call attribution. As such, the interpretation of vocal activity in relation to welfare must consider the social composition and stability of the group under study. This limitation underscores the importance of integrating complementary behavioural and contextual data when using passive acoustic monitoring as a welfare tool.

The analysis of nearly 1.5 million orca vocalizations recorded at Orca Ocean revealed distinct temporal patterns, characterized by a pronounced diurnal rhythm with reduced vocal activity during nocturnal hours (Figure 1). These findings align with previous studies indicating elevated vocal activity associated with group behaviors in wild killer whales (Ford, 1989; van Opzeeland et al., 2005). Similar patterns have also been observed in dolphins under human care, where vocal peaks coincide with feeding and training sessions, suggesting that vocal production may serve roles in anticipatory behaviors and social coordination (Therrien et al., 2012; Probert et al., 2021, 2023). In the present study, vocal peaks were observed at 07:00, corresponding to the start of human activities at the facility, and at 11:00, and 16:00, aligning with training sessions and public presentations. These results further support the hypothesis that vocalization rates are modulated by arousal levels and social engagement (Ford, 1989; van Opzeeland et al., 2005; Graham and Noonan, 2010; Holt et al., 2013; Poupard et al., 2021). However, caution should be exercised in interpreting the elevated vocalization rates observed at dawn, as they may be influenced by the controlled setting and human presence. In contrast, the vocalization rates calculated for day and night more closely align with patterns described for wild populations (Ford, 1989; van Opzeeland et al., 2005).

Although the vocal activity levels reported in this study cannot be directly compared with those of wild populations due to differing contexts and methodologies, the range of call rates observed is broadly consistent with those reported in studies of resident killer whales under naturalistic conditions (Ford, 1989; van Opzeeland et al., 2005; Filatova et al., 2009; Holt et al., 2013; Poupard et al., 2021), suggesting potential functional similarities in vocal behavior. Given that previous research has demonstrated that call rate is not significantly affected by the number of individuals present (Holt et al., 2013), these findings would support the hypothesis that the structure of vocal activity remains relatively stable across different environments. While these values are not suitable for estimating orca abundance using passive acoustic monitoring (PAM) (Holt et al., 2013),provide additional evidence that vocalization rates are influenced by social interactions and arousal rather than external environmental factors. Notably, the median vocal activity per minute during the day (0.571) was not substantially different from that recorded at night (0.500), despite a higher percentage of active minutes occurring during daylight hours. This suggests that variations in vocal activity are primarily driven by fluctuations in the proportion of active minutes rather than substantial changes in call rate per minute across diel phases. Notably, the presence of nighttime vocal activity aligns with previous observations of social and foraging behaviors occurring during nocturnal periods in both wild and managed-care delphinids (Kremers et al., 2014; Deconto and Monteiro-Filho, 2016; Sol et al., 2024).

Analysis of vocal activity throughout the year suggests that the diurnal structure of vocal production persists despite seasonal fluctuations. A notable increase in vocal activity was observed during the initial months of the year, a pattern that remained evident even in months with lower overall activity levels (Figure 2). These results support previous findings that killer whale vocalization rates are closely linked to social arousal (Weiss et al., 2007). However, we acknowledge that in a controlled environment where management routines such as feeding, enrichment, and training are maintained consistently across the year, seasonal or annual shifts in vocal behavior are not necessarily expected, nor are they assumed to be direct indicators of welfare status. The inclusion of seasonal and annual comparisons in this study was not intended to attribute biological significance to temporal variation, but rather to determine whether vocal activity in this managed population is distributed homogeneously or heterogeneously over time. Understanding such distribution patterns provides context for the interpretation of behavioural correlations and helps establish appropriate baselines for welfare monitoring. Nonetheless, the variability in sampling effort across the analyzed period limits the conclusiveness of this trend, and further research with more homogeneous data collection is needed to confirm the annual vocal pattern.

The relationship between vocalization and welfare-related behavioral parameters was explored using performance in trainer-requested tasks as a proxy for cognitive engagement and emotional state (Clegg et al., 2015, 2017). To explore whether vocal activity patterns at different times of day were differentially related to behavioural or cognitive indicators, correlations were conducted using vocal metrics calculated separately for dawn, day, dusk, and night periods. While this approach introduces some redundancy due to the use of overlapping daily data, it was employed in an exploratory framework to assess whether specific temporal windows might offer enhanced sensitivity to welfare-relevant changes. However, to avoid potential issues of pseudo-replication and misinterpretation, only correlations based on daily aggregated vocal indices should be considered in the interpretation of welfare associations. Social imbalance was evaluated based on instances where individuals refused to execute a requested behavior, separated from trainer control, or displaced conspecifics. Low-performance and social imbalance events were relatively infrequent, indicating a high level of behavioral consistency among the animals.

The low frequency of these events raises questions about their suitability as robust indicators of welfare or social balance. However, previous studies have also documented low rates of agonistic interactions in this group, with occurrence rates below 1% (Sánchez–Hernández et al., 2019), a finding further supported by recent activity budget analyses of killer whales under professional care (Hill et al., 2025). This suggests that while these behavioral metrics may not be strong welfare indicators on their own, their low prevalence is consistent with the overall social stability and structured behavioral patterns observed in this managed orca population.

Prior studies have documented substantial modifications in cetacean vocal behavior in response to acute stressors. For example, beluga whales ceased vocalizations entirely following transportation events (Castellote and Fossa, 2006), while bottlenose dolphins increased whistle rates in response to watercraft noise (Buckstaff, 2004) and construction activities (Wong et al., 2023). In orcas, controlled environment studies have demonstrated increased call rates during aggressive events (Graham and Noonan, 2010). In contrast, the present study found only weak correlations between vocal activity and indicators of social imbalance or cognitive bias. This discrepancy may be due to the relatively subtle nature of the social and cognitive challenges assessed, which likely reflect minor fluctuations in welfare rather than significant stressors. Alternatively, it is possible that the orcas in this study did not experience substantial welfare challenges during the observation period. Additionally, the behavioral metrics used to assess cognitive bias and social imbalance may require further refinement to better capture nuances in orca welfare.

The observed variation in vocal activity across different time periods, together with prior findings on orcas (Graham and Noonan, 2010), provided the primary rationale for evaluating vocalization as a potential welfare indicator. Previous studies have demonstrated that reductions in vocal rates are associated with significant stressors in cetaceans (Buckstaff, 2004; Castellote and Fossa, 2006; Esch et al., 2009; Jones et al., 2021; Wong et al., 2023), while increased vocalization rates have been linked to positive welfare states (Eskelinen et al., 2016; Probert et al., 2021). However, the Spearman correlation analysis suggests that, in orcas, this relationship may operate inversely, with low-performance and social imbalance indices positively correlated with vocal production, whereas normal-performance indices were negatively correlated. This finding aligns with previous research indicating that call rates increase during aggressive events (Graham and Noonan, 2010) and that certain vocalizations, such as biphonic calls, occur more frequently during inter-pod interactions (Filatova et al., 2009), suggesting a complex interplay between vocalization patterns and social dynamics.

It is important to note that the observed increase in vocalization rate in this study was calculated using the daily integrated sound rate to ensure comparability with behavioral and cognitive data, which were also assessed at the daily scale. Consequently, these results cannot be directly applied to finer temporal scales, such as diel variations, as the effects were measured within a different timeframe. Future studies should investigate vocal activity and behavior at finer temporal resolutions to determine whether vocal indicators—both qualitative and quantitative—can reliably reflect welfare-related changes over shorter timescales.

Given the weak correlation coefficients (Spearman r < 0.2), these relationships explain only a small proportion of the variance in vocal activity, indicating that additional, unmeasured factors likely exert stronger influences on vocal production in killer whales. Nevertheless, the results suggest a subtle connection between vocalization patterns and welfare, highlighting the potential relevance of vocal parameters as indicators of well-being. Seasonal and monthly variations in vocal activity add further complexity, potentially reflecting external environmental or social influences. Additionally, these fluctuations may be affected by operational constraints of the recording system, leading to nonhomogeneous sampling periods rather than genuine seasonal trends in vocal behavior. Ultimately, the weak statistical associations observed underscore the need for further investigation into the broader ecological, social, and cognitive factors shaping orca vocalization patterns. In particular, future studies should incorporate qualitative acoustic analyses—such as the classification of call types and the identification of nonlinear vocal phenomena—as these structural features may reflect arousal or emotional valence and could offer greater sensitivity for assessing welfare at both the group and individual level (Sportelli et al., 2022).

While this study was conducted on killer whales under managed care, some behavioural patterns observed—such as the diel modulation of vocal activity or correlations with social dynamics—may reflect more general features of orca acoustic behavior. Nonetheless, caution is warranted when drawing parallels between captive and wild populations. Animals in zoological settings are subject to different ecological constraints, social structures, and acoustic environments than their wild counterparts, and these differences can influence both the rate and function of vocal output. In particular, the absence of natural foraging and predation and the presenceo of human interaction routines may modify vocal behavior. However, controlled conditions also provide opportunities for long-term, fine-scale monitoring and individual-level analysis that are difficult to achieve in the wild. Therefore, while findings from managed-care studies are not directly generalizable, they can offer hypotheses and methodological frameworks—such as vocal monitoring as a welfare proxy—that may be adapted for wild populations using passive acoustic monitoring, especially in resident groups with known vocal dialects and social cohesion patterns.
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