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Introduction

The aim of this study was to evaluate the transformative potential of precision livestock farming (PLF) in dairy production, nutrition, and reproductive efficiency by implementing proactive management strategies that utilize real-time data.





Methods

Data were gathered from a commercial dairy farm, employing a 3D accelerometer system attached to ear-tags to monitor activity and rumination behavior. Additionally, information on animal-related events such as oestrus, artificial insemination, clinical diseases, and treatments was recorded.





Results

It was observed that there were differences in rumination between positive and negative cows in the days following artificial insemination (AI). Specifically, from day 0 to day 16, negative cows exhibited a higher rumination time compared to positive cows, with this contrast being particularly significant on days 9 and 10. Over the duration of the study, cows that tested negative produced, on average, 0.78 kg more milk per day.





Discussion

This suggests that animals with higher milk production were less likely to be pregnant, potentially due to increased nutrient allocation to the mammary gland, resulting in a more pronounced negative energy balance and consequently lower conception rates. Furthermore, the accelerometer utilized in this study was capable of distinguishing differences in daily lying time between pregnant and non-pregnant animals on the days of oestrus return. This finding highlights the potential for developing a system alert to identify “probable pregnant” and “probable non-pregnant” animals.
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Introduction

In contemporary dairy farming, optimizing reproductive efficiency is essential for maintaining profitability and safeguarding herd well-being (Cardoso Consentini et al., 2021). The intricate interplay among disease, pregnancy losses, and reproductive performance significantly impacts milk yields and overall operational success in dairy farms (McDougall et al., 2014). Increased rates of disease and pregnancy losses directly undermine reproductive outcomes, resulting in lower calving rates and increased costs associated with involuntary culling and replacement. Therefore, the economic sustainability of dairy farms relies heavily on their ability to uphold optimal reproductive health within their cattle herds (Buonaiuto et al., 2023; 2024).

To address these challenges and enhance both productivity and profitability, PLF has emerged as a promising paradigm (Bianchi et al., 2022; Lamanna et al., 2024a). PLF utilizes cutting-edge technologies, including ear tag devices, to collect real-time data from animals across production stages (Das et al., 2023). This data, analyzed using specialized software, provides invaluable insights into the nutritional, health, and reproductive status of individual animals as well as the entire herd (Lanzoni et al., 2021; Lamanna et al., 2024b). Among the various behavioral parameters, rumination and lying behaviors have gained increasing attention for their potential to serve as reliable indicators of early pregnancy detection (Saint-Dizier and Chastant-Maillard, 2015). Both rumination and lying time are intricately linked to physiological changes associated with conception and pregnancy maintenance (Cangar et al., 2008; Schirmann et al., 2013). Specifically, alterations in these behaviors can reflect shifts in hormonal profiles, metabolic demands, and overall health status during early gestation (Reith and Hoy, 2012; Paudyal, 2021). Early pregnancy detection using behavioral data such as rumination and lying times offers a non-invasive and real-time approach to assess reproductive status (Cangar et al., 2008; Marques et al., 2024). Variations in rumination time during early gestation may indicate physiological adaptations to pregnancy, while lying behavior changes may highlight differences in comfort and metabolic status, both of which are pivotal for successful conception and embryo development (Santos et al., 2022).

In the context of PLF and different forage type rations, careful monitoring of rumination time emerges as a crucial indicator of dairy cow health and nutritional balance (Heinrichs et al., 2021). While total mixed rations (TMR) provide essential nutrients, they also pose challenges related to digestibility and overall rumen health (Song et al., 2023). Leveraging PLF technologies like individual rumination monitoring systems enables dairy farmers to obtain real-time insights into cow rumination patterns. Changes in rumination time can serve as early indicators of potential health issues, suboptimal ration digestibility, or stressors within the herd (Cavallini et al., 2021; 2022; Soriani et al., 2012). Within different forage-based rations, fluctuations in rumination time may indicate differences in forage quality, consistency, or intake, thereby facilitating proactive adjustments in feeding regimes to optimize rumen function and overall cow health (Schirmann et al., 2012). The integration of rumination and lying behavior monitoring into PLF systems provides dairy farmers with actionable insights into reproductive outcomes. By leveraging these behaviors as early signals, producers can optimize reproductive management protocols, reduce pregnancy losses, and enhance herd profitability, particularly in systems relying on silage/hay-mix TMR rations (Szenci, 2022; Lin et al., 2023).

The aim of this study was to evaluate the potential of PLF in improving reproductive efficiency in free-range dairy cattle through real-time monitoring of behavioral parameters. Specifically, we investigated the use of ear-tag accelerometer data to detect variations in rumination and lying time associated with pregnancy status, with the objective of developing predictive indicators for early pregnancy detection.





Materials and methods

The experimental protocol was approved by the Ethic Committee of the Veterinary Medicine Department of the University of Teramo with the number 18528/2022. The present study was conducted from January 2021 to December 2022 on a free-stall farm located 30 km from Teramo at an altitude of 1073 m above sea level. The farm raised a total of 313 Italian Holstein dairy cows, divided into pens based on age and reproductive status: lactating cows (divided into three different groups based on the number of lactation and days in milk; DIM), post-partum transition cows, dry cows, and heifers.

A total of 291 Italian Holstein lactating dairy cows were included in the study. The cows had an average (mean ± standard deviation) of 1.77 ± 1.50 lactations, with an average lactation period of 153.90 ± 68.08 DIM. At the beginning of the trial, their average body weight (BW) was approximately 700 ± 25 kg. The average milk yield was recorded as 46.07 ± 5.35 kg. All the cows were monitored for health status along the trial by an expert veterinarian to avoid occurrence of pathologies, such as ketosis, acidosis, lameness and hypocalcemia (Magro et al., 2024). Each cow had access to a cubicle structured with a concrete base and two side briskets. The cubicles were covered with a bottom layer of compacted sand (approximately 20 cm deep), with the addition of daily renewed straw spread across the entire cubicle. In addition to benefiting from good natural ventilation due to the structure of the barn, the farm also has an automatic ventilation system connected to control units and sensors installed in various areas of the facility: when the Temperature-Humidity Index (THI) inside the barn exceeds 65, the ventilation system activates automatically. Furthermore, in the waiting area of the milking parlor, there is a wetting and drying system that activates automatically when the THI exceeds 70.




Feeding and feed sampling

The diets were prepared every day using a mixer wagon Matrix Rover Jumbo (Italmix SRL, Italy) and fed ad libitum (daily orts 3–5%) once a day at 0800 h. Tables 1 and 2 present the diet composition and chemical analysis, respectively, of the ration provided to enrolled cows. TMR samples were collected weekly from the feed bunk, at the start, middle, and end. After the collection these samples were then combined, dried in an oven at 65°C for 24 hours, and initially milled using a Retsch MS 100 mill with a 4 mm sieve. Subsequently, they were further milled with a Cyclotec 1093 mill to achieve a particle size of 1 mm. Approximately 2 grams of dried samples underwent analysis using near-infrared spectroscopy (NIRS) with Bruker-Tango instruments (Buonaiuto et al., 2021a). Feed samples were analyzed with a wavelength range between 400 and 2,498 nm, for the following parameters: crude protein, ash, starch, amylase-treated neutral detergent fiber (NDF), acid detergent fiber, acid detergent lignin, undigested NDF at 24, 30, 120 and 240 h in vitro fermentation were also analyzed in the TMR. More details in the employed methods are reported in a previous paper (Vettori et al., 2023; Felini et al., 2024; Koakoski et al., 2024). Near-infrared spectra (log 1/reflectance) were recorded for each 2 nm range. Applied NIRS calibrations have already been published and validated in a precedent full paper works (Buonaiuto et al., 2021a).


Table 1 | Composition of the experimental rations fed during the research (kg DM and % of dietary DM).




Table 2 | Results of the analysis of major dietary nutrients1 (% DM) of experimental ration.







Rumination and activity data

Rumination and activity were monitored using the Smartbow system (Smartbow GmbH; Roland et al., 2018). Each cow was equipped with an ear tag that included an accelerometer, positioned on the upper part of the left ear (Wolfger et al., 2017). The tag measured 5.2 × 3.6 × 1.7 cm and weighed 34.1 grams, capable of transmitting data over an unobstructed range of 300 meters. Data transmission to wall-mounted receivers occurred at a frequency of 1 Hz. These receivers were installed 2.7 meters above the ground and spaced approximately 15 meters apart to ensure comprehensive coverage throughout the barn. Data collected by the receivers (Wallpoints), were sent to a central server (Station), located in the office area. This server calculated each cow’s precise location by measuring the distance from the nearest four sensors. Data transmission was contingent upon direct detection of the tag by at least four sensors, aiming to maintain consistent updates every second. The server then relayed the positional data to a computer system where it was collected and stored for further analysis.

The system facilitated real-time access to the data via both fixed and mobile devices, as discussed by Reiter et al. (2018). It enables detailed evaluations of various aspects of animal behavior, including real-time tracking of animal locations, the duration of time spent in different areas, rumination, and postural behaviors (standing and lying down). Additionally, it assesses the level of activity or inactivity exhibited by the animals. For each cow, data on rumination time and postural behaviors were recorded minutes per day. Activity levels are categorized into two types: active and inactive. Inactive time accounts for periods during which the cow is not engaged in any motor or rumination behaviors and may include both standing and lying phases. In contrast, active time encompasses natural behaviors such as walking, rumination, feeding, and social interactions with other cows.





Productive data

Cows were milked three times a day, at 0400, 1200, and 1900 hours, in a 16-unit herringbone milking parlor. The milking parlor was equipped with Metatron electronic milk meters, P21 bail controllers, and electronic identification tags (Metatron DairyPlan, GEA GmbH). For each cow, milk production data, concerning the days following the fertilization event, was extracted directly from the company’s software, implemented at the milking facility. The animals were identified and recognized through a pedometer and a collar placed on them. The computer communicated with the milking parlor, and upon the entry of a cow into the parlor, the system automatically detected the pedometer and transferred the information to the milk meter installed at the milking point, which in turn communicated and provided the data to the software. This way, the following were recorded: the animal’s company number, the duration of milking, and the milk production in kilograms. The milk production control provided by the software, using milk meters, allowed constant and complete control of the production process directly from the milking parlor. Once the production data had been extracted on the farm, we then proceeded to process it on an Excel (2019) spreadsheet. Here, the daily productions for each animal were associated with ear tag data, taking into account the date of the latter. We then proceeded to calculate the actual lactation days, using the date of the last calving. Monthly, the milk of all the cows was sampled and analyzed according to previously published paper (Buonaiuto et al., 2021b).





Reproductive data

At the farm, the reproduction protocol operated as follows: following parturition, the voluntary waiting period for artificial insemination was set at 70 days. Heat detection was performed either by farm operators or by the ear tag device alarm. Cows that did not exhibit natural heat after the voluntary waiting period were induced using a synchronization protocol (PFG2α). Artificial insemination (AI) could occur after either natural or induced heat. Thirty-two days after AI, pregnancy status was assessed via ultrasound echography (Draminsky iScan 2). Positive pregnancies progressed normally, while negative cases (non-pregnant) were pharmacologically induced until pregnancy confirmation.

Reproductive data and health status were retrieved from the national monitoring system (Si@llEvA, Italian Farmer Association, Rome, Italy). Evaluated parameters included: dates of drug administration for synchronization protocols, calving dates and corresponding insemination dates, dates of postpartum heat surveys, dates of postpartum inseminations, dates of pregnancy diagnosis confirmation (positive or negative), and any subsequent post-diagnosis detections of confirmed positive pregnancies (Table 3).


Table 3 | Summary of the included animals and events in the study, with their characteristics (PGF yes or not, positive or negative pregnancy) and distribution along the year.







Statistical analysis

All data were analyzed using the statistical software JMP Pro v 16 (SAS, NY). A preliminary model assessed whether there was a greater or lesser effectiveness of the type of oestrus (natural or induced). A Chi-square model was used for this purpose. The results indicated no differences between the groups based on the type of oestrus (p=0.68). Therefore, all fertilization events were included in the study. The normal distribution of the data was verified using the Shapiro-Wilk test. Followed statistical analysis was based on the use of mixed models with repeated measures. The fixed effects considered were the outcome (successful vs unsuccessful insemination), post-fertilization days (32 days), their interaction, and seasonality. The cow, along with the type of oestrus (induced or natural), was considered a random effect. Each cow, associated with the lactation day and the single insemination event (715), was considered as the experimental unit and included as a random effect. In the graphs, the results of the tested parameters are expressed as the least squares mean and standard error of the mean. Results were considered trends for p ≤ 0.10, significant for p ≤ 0.05, and highly significant for p ≤ 0.01. To analyze differences on individual days or the effect of seasonality, if the interaction between fixed effects was significant, the Tukey test was used. In the graphs, significant differences were denoted by the non-overlap of the error bars, in the text, with different superscript letters.






Results




Farm performance and dietary management

In the years 2021–2022, a total of 715 fertilization events involving 291 animals were selected. Among these, 206 were induced and 85 occurred during natural oestrus. Roughly half of these events resulted in successful fertilization. The success rate of these events was influenced by seasonality, with the highest success observed in winter and the lowest in summer and autumn.

The animals selected for the study were, on average, fertilized at 138 ± 61 DIM. This group comprised both primiparous and multiparous cows. Among these animals, 36% had undergone a single AI prior to a positive diagnosis, while 26% had undergone 2 AIs, 16% had undergone 3 AIs, 8% had undergone 4 AIs, and 13% had undergone more than 4 AIs.

The average total milk production of our animals was 45.27 ± 3.38 kg/day (Figure 1). This production varied significantly by group, time, and seasonality but not by their interactions. Over the study period, cows that tested negative produced, on average, 0.78 kg more milk per day (p<0.01). There was a higher peak in milk production on days 2 and 5 after AI, with average productions of 49 kg for negative cows and 44 kg for positive cows. Spring exhibited the highest production levels with 53 kg, while the other seasons ranged between 43 and 46 kg.




Figure 1 | Daily milk yield recorded in positive (blue) and negative (red) cows after the AI. The absence of overlap in the error bar (SEM) indicates a static difference.







Lying time

On average, negative cows spent 771 minutes per day lying down, while positive cows averaged 781 minutes per day, as depicted in Figure 2. Statistical differences in behavior across various days post-insemination were observed (p<0.01). A decrease in lying time among negative cows was noted from the 18th to the 25th day, with significant differences observed on the 21st, 22nd, and 23rd days, with nearly an hour’s disparity between the groups. Additionally, seasonality showed high significance (p<0.01). During autumn, cows exhibited a higher lying time (804 min/day), while in winter, the time was intermediate (790 min/day), followed by spring with a resting time similar to winter (783 min/day). In contrast, summer showed a lower and distinct lying time compared to the other seasons (725 min/day).




Figure 2 | Daily lying time pattern recorded in positive (blue) and negative (red) cow after the AI. The absence of overlap in the error bar (SEM) indicates a static difference.







Rumination time

Rumination time fell within the normal range for healthy dairy cattle, averaging 553 and 546 minutes in 24 hours for negative and positive cows respectively (p<0.01). Examining the rumination pattern (see Figure 3), a statistically significant difference between successful and unsuccessful inseminations emerged in the days following AI (p<0.01). Notably, from day 0 to day 16, unsuccessful inseminations exhibited a higher rumination time compared to successful inseminations, with this difference being significant on days 9 and 10. Furthermore, this significance re-emerged concerning seasonality, with rumination time being higher during autumn (556 min/day), equal during spring (553 min/day), and lower in winter (544 min/day) and summer (544 min/day).




Figure 3 | Daily rumination time pattern recorded in positive (blue) and negative (red) cows after the AI. The absence of overlap in the error bar (SEM) indicates a static difference.







Inactive and active time

The inactive time did not exhibit significant differences between the two groups of animals. Similarly, to the previously analyzed data, we observed significance and an influence of seasonality (p<0.01). It is notable that autumn and spring exhibited comparable and higher inactive times (401 and 399 min/day respectively), while in winter and summer, cows displayed lower levels of inactivity (389 and 381 min/day, respectively).

Concerning active time, a statistical significance was found between the two study groups, unsuccessful and successful inseminations, throughout the entire study period. Unsuccessful inseminations were more active (923 vs 914 min/day for unsuccessful and successful inseminations respectively, p<0.01). Moreover, the influence of seasonality on this parameter (p<0.01) is noteworthy. Seasonality equally influenced the activity of the cows, leading to increased activity during autumn and spring (941 and 926 min/day respectively), followed by winter and summer (906 and 903 min/day, respectively).






Discussion

The present study aims to explore how precision livestock enhance reproductive efficiency through proactive management approaches rooted in real-time data analysis. By leveraging ear tag monitoring techniques and embracing cutting-edge technologies, dairy farmers employing silage/hay-mix TMR can effectively address issues related to reproductive success.

Lying time, referring to the duration dairy cows spend lying down, is crucial for rest, rumination, and overall cow comfort (Tucker et al., 2021). It has been more frequently utilized in assessing cow welfare and comfort compared to commonly used parameters for determining estrus, such as the number of steps and time spent standing (Thompson et al., 2017). However, it has now also been recognized as a factor capable of predicting the timing of heat. Lying time also undergoes changes according to the season (Brzozowska et al., 2014). Observing the various seasons in detail, we noticed that lying time was highest in autumn and winter, with intermediate values reported in spring, while summer exhibited lower and distinct lying times compared to other seasons. This observation is consistent with findings from other authors (De Palo et al., 2006; Brzozowska et al., 2014). The reduction in lying time during summer can be associated with climatic conditions, primarily caused by the increase in THI typical of the summer period (> 68). Increased ambient temperature during summer can lead to greater standing time as it allows for increased heat dissipation through increased body surface area (Cook et al., 2007).

Active and inactive time data provide dairy farmers with valuable insights into the health, reproductive status, nutrition, and welfare of their cows, enabling them to make informed management decisions and optimize herd performance. Activity time encompasses the period during which cows engage in various locomotive behaviors such as walking, standing, and social interactions, while inactive time refers to periods when cows are not engaged in active behaviors such as feeding, rumination, or locomotion.

In the present study, regarding seasonality, we observed that in spring and autumn, animals showed higher activity compared to winter, and even less in summer, as reported in the literature (e.g., Toledo et al., 2023). During summer, animals tend to spend more time standing but move less. This observation aligns with studies indicating increased lying behavior and steps taken by animals during summer, suggesting increased activity. Although many authors (Brzozowska et al., 2014; Toledo et al., 2023) demonstrate a decrease in activity with increasing temperatures to reduce heat produced by muscle metabolism, our study results show a similar trend. Rumination time serves as a valuable indicator of gastrointestinal health, nutritional adequacy, metabolic status, and reproductive performance in dairy cow management. By monitoring rumination patterns, farmers can proactively address potential health issues, optimize feeding practices, and enhance the overall well-being and productivity of their herds. Rumination time typically falls within a normal range for healthy animals (Soriani et al., 2012; Heinrichs et al., 2021).

However, there are significant variations in the average rumination threshold considered “normal” among different devices available on the market. These differences can primarily be attributed to the specific algorithms used by each device to analyze the collected data. One of the key factors contributing to variations in rumination thresholds is the diversity in data analysis algorithms implemented by each manufacturer. For example, devices like SCR, CowMed, and SmartBow may adopt different approaches in interpreting rumination data and determining what constitutes a favorable rumination threshold. In the case of SCR devices, the average rumination threshold considered desirable might be around 500 minutes per day, based on historical data analysis and the average rumination behavior of livestock. Conversely, CowMed devices might set an average optimal rumination threshold around 400 minutes per day, based on specific analysis criteria and algorithms developed by the company.

Regarding SmartBow devices, as implemented in the present study, the achieved normal rumination threshold for a lactating cow producing approximately 40 liters of milk per day and at around 100 days in lactation may vary but was found to be around 550 minutes per day. This data is comparable to findings from other studies (e.g., an average of 575 min/day according to Martin et al., 2021) that used the same technology to measure rumination. However, it could range from 400 to 650 minutes per day, taking into account the specific conditions and physiological behavior of the livestock in these circumstances. It is important to note that defining a “normal” rumination threshold depends on various factors, including the breed of livestock, individual health status, milk production level, and other environmental factors. Furthermore, differences between optimal thresholds established by different devices may reflect variations in data analysis approaches and methodologies for assessing livestock health (Wolfger et al., 2017; Roland et al., 2018).

The average rumination time in our study is lower for cows during the summer and winter compared to autumn and spring, where the time was higher, likely due to the mild climate favored by the altitude of the evaluated farm and appropriate stable management. This behavioral variation recorded in summer is consistent with findings in the literature (Moallem et al., 2010; Moretti et al., 2017; Müschner-Siemens et al., 2020; Tapkı and Şahin, 2006), which demonstrate how this behavior is influenced by the season and temperature. Specifically, the increase in ambient temperature seems to be associated with a reduction in rumination time. Finally, we can affirm that cows, in response to an increase in temperature, reduce feed intake, and consequently rumination time, to limit the production of endogenous heat.

Based on previously reported results, we propose a protocol for evaluating non-pregnant cows at 25 days after AI (see Figure 4). To conduct this evaluation, we need to combine the data obtained from the ear tag device regarding daily rumination time and lying time. In practical terms, to analyze this large dataset effectively, we need to develop machine learning techniques capable of retrospectively evaluating each cow starting from day 25 after AI. As shown in Figure 4, we need the combination of three events to trigger a negative pregnancy alarm for the cows enrolled in the trial. The first event is a peak in rumination time (+20 minutes per day compared to the day of AI) on days 9 and 10 after AI. The second event is a drop in daily lying time for at least 4–6 days between days 18–24 after AI. The last event is a drop-in rumination time between days 23–25 after AI (equivalent to the rumination time on the day of AI). The occurrence of these three events, in the specified sequence and on the listed days, in the cows enrolled in the trial, produced a significant outcome of non-pregnancy.




Figure 4 | Evaluation methods to detect non-pregnant cows using ear tag devices (enrolled cows with negative events, red line).



Based on our hypothesis, the results we have obtained have enabled us to distinguish a distinct postural behavior from the day of artificial insemination, regardless of whether the cows were confirmed pregnant (positive) or not (negative). On the day of artificial insemination, there is a significantly lower resting time compared to the entire observation period, which can be attributed to the heightened activity of cows during heat (Stevenson, 2021). Thus, both lying time and standing time can serve as early indicators of fertilization outcome. A recent study by Stevenson (2021), consistent with our findings, has highlighted the significant effect of the gestational status of the animals (confirmed positive or negative) on resting behavior. Specifically, cows subsequently confirmed pregnant tended to rest more during the peri-oestrous period (−3, +3 days), except for the day of oestrus, where they exhibited a decrease of approximately 11% in resting time.

Our findings indicate that positive animals demonstrated an increased rumination time 9–10 days after AI. Preceding this timeframe, several significant events occur: the embryo’s arrival in the uterus (4–5 days after AI), the morphological transformation from morula to blastocysts (7–8 days after AI), and the simultaneous transformation of the follicle into corpus luteum, initiating progesterone production, followed by implantation (Bruinjé et al., 2019; Ma et al., 2022). These sequential occurrences may correlate with the observed slight reduction in rumination time among positive cows. Further research in this aspect is warranted.

In contrast to our study, where a significant difference in resting time between pregnant and non-pregnant cows was observed on the 21st and 22nd day post-insemination, Stevenson (2021) found no significant differences during the period from 17 to 32 days post-insemination. Additionally, the author further categorized cows into two groups: those with a negative pregnancy diagnosis who had exhibited oestrus, and those who had not. In this context, animals displaying oestrus tended to rest significantly less during the presumed oestrus period compared to the other group. This observation aligns with our study findings, where negative cows exhibited much less resting time from the 20th to the 25th days post-insemination, presumably corresponding to the oestrus period.

However, the assessment of the averages of both groups included in our study has allowed the identification of a typical behavior highlighted also by a recent study by Silper et al. (2017). In this study, Silper et al. (2017) hypothesized an increase in motor activity during oestrus, which consequently also influenced lying and standing behavior during this period. According to the aforementioned study, the extent and intensity of the behavioral change that occurred would have been characterized by a higher ovulation rate and probability of pregnancy per insemination. The results of Silper et al. (2017) demonstrate that the association between variations in lying time during oestrus and fertility achieved after timed artificial insemination is similar to that between activity and fertility described by other studies (Madureira et al., 2015) during spontaneous oestrus. This suggests that behavioral measurements (lying down, standing, and activity), if used in combination, are valuable predictors of fertility. Ultimately, the two factors (lying down and standing) work best when analyzed together in assessing fertility. Further studies, integrating hormonal values as well, could clarify the influence of lying and standing behavior on oestrus expression, the association between the intensity of oestrus expression and fertility, and behavioral changes during the days following artificial insemination in both positive and negative cows.

As previously mentioned, according to our initial hypothesis, positive animals tend to exhibit a numerically greater inactive time, during which lying time increased (from the 20th to the 25th day). This could be attributed to hormonal characteristics and early signs of pregnancy, which tend to increase inactive time to preserve the product of conception. Conversely, we hypothesized that negative animals would show a lower activity parameter due to the resumption of two or three follicular waves, the new cycle, and related hormonal variations. According to Wang et al. (2020), to provide a stable environment for fetal growth, daily activity gradually reduces during pregnancy by the animal, which may also lead to an increase in body weight. Therefore, the change in cow activity after insemination (between 21–25 days after AI) could, according to this study, serve as a reference for pregnancy diagnosis. This result could be consistent with an increase in motor behavior associated with the oestrus of animals that subsequently tested negative in the pregnancy diagnosis. However, the heat monitoring and signaling system did not show activity attributable to oestrus, nor did it reveal differences between cows that tested positive or negative later. This might suggest silent oestrus in cows that later tested negative. Our results are consistent with those reported by Wang et al. (2020), as pregnant animals tended numerically to be less inactive than negative ones. Stevenson (2021) also reports longer periods of inactivity/rest in pregnant cows, focusing exclusively on the lying time of the cows, while the inactivity parameter analyzed by our ear tag device is not associated with any motor behavior but with animals maintaining a lying or standing posture.

Regarding rumination time, upon careful observation of Figure 3, it can be noted that there is no statistical difference between positive and negative animals. However, as previously emphasized, we can observe a minimum value during the day of oestrus/AI, which is justified by the fact that when cows are in heat, rumination time decreases. The result reported by us may be consistent with a recent study by Roland et al. (2018), which analyzed rumination time during the peri-oestrus period. In cows exhibiting natural oestrus, it was demonstrated that rumination decreased starting from one day before oestrus, reaching a nadir on the day of oestrus; this did not occur in the group of cows with induced oestrus, where no decrease in rumination was detected. Despite the fact that the animals in our study did not show statistical differences between animals with synchronization protocol or natural oestrus, we nevertheless observed the same decrease. In accordance with the study by Roland et al. (2018), even for rumination time, according to our assessments, it was not possible to highlight a significant difference between the two study groups. Indeed, the study stated that cows subjected to synchronization, whether subsequently pregnant or empty, did not seem to have any difference in rumination time during the peri-oestrus period. A significant difference in rumination time based on gestational status was also identified, highlighting how negative cows tended to ruminate for a shorter time between days 22 and 26, indicating a possible return to heat (Stevenson, 2021). From the analysis of our results, it was possible to detect rumination behavior as a predictive signal of pregnancy occurrence, as from the 20th to the 26th day, we found a difference in rumination time of about 20 minutes between the two groups under examination.

The influence of forage ration sources on rumination time, lying time, activity time, and inactive time in dairy cows can be substantial and is often influenced by various factors such as silage and hay quality, nutritional composition, and feeding management practices (Gomez and Cook, 2010; Cavallini et al., 2018; Iqbal et al., 2023). High fiber content in rations stimulates rumination activity in dairy cows, resulting in longer rumination times compared to diets with lower fiber content (Beauchemin et al., 1994; Zebeli et al., 2010). While concentrates are more frequent the component of the raions imported from outside the farm and the production area (Gasparini et al., 2024; Vastolo et al., 2024). Silage-based rations, typically made from fermented forage crops like corn or grass, offer a rich source of dietary fiber crucial for rumen health and function (Salfer et al., 2018). The fibrous nature of silage encourages prolonged chewing, promoting saliva production, and buffering rumen acidity, thus aiding in optimal digestion and nutrient absorption.

Palatability plays a crucial role in ensuring cows consume the ration effectively, thereby influencing their activity and inactive time patterns. Indeed, feed palatability is a key factor in animal nutrition (Vinassa et al., 2020). A ration meeting the cow’s nutritional requirements can also promote optimal inactive time by facilitating efficient rumination and digestion. However, inadequate or poorly fermented silage rations, or rations low in fiber content, regardless of their nutritional content, may increase inactive time as cows experience digestive disturbances or seek alternative nutrition sources (Cavallini et al., 2021). For these reasons, forage type and quality significantly influence rumination time, activity time, and lying time in dairy cows, emphasizing the specificity of findings observed in this research. The composition and palatability of the silage/hay-mix diet, alongside management practices, play pivotal roles in shaping cow behavioral patterns (Schirmann et al., 2012; Stone et al., 2017). While high milk yield is advantageous for dairy production, it can induce physiological and metabolic stress in dairy cows, affecting various factors crucial for reproductive success (Allen et al., 2015; Paudyal et al., 2016; Miller-Cushon and DeVries, 2017). Implementing effective management practices to optimize nutrition, body condition, and reproductive performance is vital for maintaining high pregnancy rates in high milk yield dairy herds (Buonaiuto et al., 2024). Our assessments align with those reported by Stevenson (2021), which found no association between cows’ pregnancy status and changes in milk production during the periestral period (−3, +3). However, our study reveals that despite all cows presumably experiencing a negative energy balance postpartum, negative cows produce on average 0.78 kilos more than positive cows, with peaks of +5 kilos, potentially influencing the resumption of reproductive activity. Regarding seasonality’s impact on production performance, existing literature illustrates how high temperatures detrimentally affect milk production in terms of quantity and quality, leading to reductions in fat and protein percentages in the milk (Baul et al., 2014; Bernabucci et al., 2015). In our study, no differences were observed during the summer period, but a significantly higher production was noted during the spring season. It is possible to hypothesize that the animals examined during the spring period in our study were likely the most productive ones on the farm. The observation that high milk yield and seasonal variations can influence rumination time, lying time, and activity time suggests an important consideration for interpreting the results of the study. These factors imply that the behaviors and activities of dairy cows are not static but are influenced by physiological and environmental factors.

One of the most promising aspects is the potential of these technologies to assist farmers. By analyzing data provided by PLF devices, technicians can make more informed and timely decisions regarding dairy cow management (Berckmans, 2014; 2017). For example, monitoring resting time, rumination time, and activity levels can help identify early signs of health or fertility issues, enabling targeted preventive interventions. Furthermore, social media plays a crucial role in disseminating these technologies to farmers and students (Muca et al., 2022; 2023; Lamanna et al., 2024c). This facilitates knowledge dissemination and promotes greater adoption of these technologies in the agricultural sector. However, there are still challenges to be addressed. For instance, the complexity of data generated by PLF devices requires specialized skills for effective interpretation and analysis. Therefore, investing in training for farmers and technicians is essential to maximize the benefits of these technologies.





Conclusions

This study demonstrates that PLF devices provide valuable real-time data for assessing dairy cow reproductive status. By integrating behavioral monitoring into reproductive management strategies, it is possible to develop predictive indicators for early pregnancy detection based on rumination and lying behaviors. Our findings indicate that increased rumination on days 9–10 post-AI, combined with reduced lying time between days 18–25 post-AI, may serve as early indicators of non-pregnancy. However, further validation is necessary to refine predictive models and assess their applicability across diverse farm conditions. Future research should focus on integrating these behavioral indicators with machine learning techniques to enhance the accuracy and practicality of PLF-based reproductive management systems.
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