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Routinely collected sensor data could be used in metritis predictive modeling but a better understanding of its potential is needed. Our objectives were 1) to compare the performance of k-nearest neighbors (k-NN), random forest (RF), and support vector machine (SVM) classifiers on the detection of behavioral patterns associated with metritis events measured by a leg-attached accelerometer (TrackaCow, ENGS, Hampshire, UK); 2) to study the impact of farm scheduled activities on model performance; and 3) to identify which behaviors yield the highest F1 score for metritis prediction as a function of the number of time window and time-lags. A total of 239 metritis events (188 non-metritis and 51 metritis events) were retrospectively created based on changes in two consecutive uterine evaluations from a dataset containing sensor and clinical data during the first 21 days postpartum between June 2014 and May 2017. These events were associated with a total of 10,874 - 14,138 data points corresponding to hourly measurements of lying time, lying bouts, steps, intake, and intake visits. Sensor data corresponding to the 3 days before each metritis event were aggregated every 24-, 12-, 6-, and 3-hour time windows. Multiple time-lags were also used to determine the optimal number of past observations needed for optimal classification. Similarly, different decision thresholds were compared. Depending on the classifier, algorithm hyperparameters were optimized using grid search (RF, k-NN, SVM) and random search (RF). All behaviors changed throughout the study period and showed distinct daily patterns. From the three algorithms, RF had the highest F1 score, with no impact of scheduled farm activities on classifier performance. Furthermore, 3- and 6-hour time windows had the best balance between F1 scores and number of time-lags. We concluded that steps and lying time can be used to predict metritis using data from 2 to 3 days before a metritis event. Findings from this study will be used to develop more complex prediction models that could identify cows at higher risk of experiencing metritis.
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1 Introduction

Metritis is a common disease that is diagnosed in 30 to 50% of dairy cows (LeBlanc, 2010). Combined with other metabolic diseases such as hypocalcemia or hyperketonemia, post-partum infectious diseases have short- and long-term effects on welfare, reproductive health, and antibiotic use (LeBlanc, 2010). Sick animals experience an adaptative response known as sickness behavior that helps them to cope with a given stressor. Most sickness behaviors are associated with depression, loss of appetite, and weight loss (Tizard, 2008), which can be measured with precision dairy monitoring (PDM) technologies such as sensor devices. These technologies have experienced a rapid growth due to increasing herd sizes and labor cost, combined with lower ratios of farm staff to animals (de Koning, 2010; Rutten et al., 2013).

Machine learning (ML) is a group of statistical models used on data collected with PDM technologies with the goal of finding predictive patterns in the data. Therefore, ML algorithms can be used on sensor data to develop predictive models to identify which cows are at higher risk of becoming clinically ill. Given the high frequency at which changes in behavioral patterns can be analyzed when PDM technologies and ML algorithms are combined, there is potential for earlier disease diagnosis compared with traditional diagnostic methods. As result, earlier clinical or management interventions could prevent or mitigate the impact of stress and clinical disease on animals (Weary et al., 2009; LeBlanc, 2010; Dittrich et al., 2019). Despite its potential, precision farming on metritis detection has been understudied, with only an estimated 13% of the precision farming literature being related with disease around parturition compared with other research areas such as fertility (32%), locomotion problems (30%), or mastitis (25%) (Rutten et al., 2013). Among the studies with a focus on metritis during the transition period, researchers have found reduced behaviors such as lying time (Urton et al., 2005; Sepúlveda-Varas et al., 2014; Neave et al., 2018), feeding, and rumination duration associated with the disease (Stangaferro et al., 2016b; Steensels et al., 2017; Neave et al., 2018). However, common limitations of these studies are the lack of control for concurrent postpartum diseases, behavioral data aggregation before and after disease diagnosis resulting in loss of temporal relationships, poor description of sensor data pre-processing strategies, and lack of consideration of within-same-day behavior variability due to farm scheduled activities (Huzzey et al., 2007; Stoye et al., 2012).

The objective of the present study was to compare the performance of three ML classification algorithms (k-nearest neighbors, random forest, and support vector machine) on the detection of behavioral patterns measured with a leg-attached accelerometer, associated with changes in metritis score throughout the post-partum period in dairy cows. A second goal was to identify whether farm scheduled activities had an impact on ML classification algorithm performance. A third goal was to determine which animal behaviors yield the highest F1 score for metritis prediction, to estimate the optimal time aggregation for the raw sensor data, and to estimate the optimal number of time-lags that are necessary to analyze for metritis prediction. Our findings will provide a base for the development of more complex prediction models that, eventually, could be integrated in the farm management software to indicate farm personnel which cows are at higher risk of developing metritis while optimizing the use of sensor data.




2 Materials and method

The data used in this study was part of a large study designed to quantify physiological and behavioral changes associated with mastitis, lameness, estrus, and postpartum diseases, using multiple PDM technologies (Tsai, 2017; Lee, 2018). The larger study included data from 138 lactating cows at the University of Kentucky Coldstream Dairy (Lexington, KY, USA) that were enrolled in the study during two different periods: the first period, from June 2014 to October 2015, and the second, from July 2016 to May 2017 under Institutional Animal Care and Use Committee #2013-119 and 2016-2368, respectively.



2.1 Population data

From the original dataset, a total of 35 dairy cows that either did not experience any disease postpartum or were only affected by metritis were retrospectively selected. Cows were enrolled in the study after parturition and were followed for 21 days. Data from two cows that died or were culled from the herd before 21 days in milk (DIM) had been excluded in the original dataset and were not available for this study.

Details about animal management and study design are provided somewhere else (Tsai, 2017; Lee, 2018). Briefly, cows were moved to a close-up dry pen a month before the expected calving date and moved again to a fresh cow pen upon parturition. Lactating cows were housed in two free-stall barns and were provided ad libitum access to fresh water in each barn. Lactating cows were fed the same TMR between 6:00 to 10:00 h and 12:30 to 15:00 h. The lactating diet consisted of forage, alfalfa hay, concentrate mix, alfalfa haylage, whole cottonseed mineral and vitamin supplement. During the second study period, feed was pushed up 22 times per day by an automated feed pusher (Lely Juno, Ley Robots, Masslius, the Netherlands). Cows were milked two times per day in a double 2 X 2 tandem-milking parlor at 4:30 to 5:30 h and 15:30 to 16:30 h.




2.2 Clinical data

Disease definitions and the health-monitoring program used in the study are provided in detail somewhere else (Tsai, 2017; Lee, 2018). In short, fresh cows were monitored daily from 7:00 to 10:00 h for the first 21 days of lactation. A MetriCheck (Simero Tech Ltd, Hamilton, New Zealand) device was used to obtain a uterine discharge sample and scored on a 1 to 3 scale using a scale modified from Sheldon et al. (2006). Briefly, score 1: thick, viscous discharge, clear, opaque or red to brown in color, no odor or mild; score 2: white or yellow pus, moderate to thick discharge, mild odor; score 3: pink, red, dark red, or black watery discharge, detectable offensive odor, possibly intolerable. Cows with score > 2 were classified as metritis cases (Tsai, 2017; Lee, 2018). Uterine discharge was scored on 3, 5, 7, 9, 11, 17, 19, and 21 DIM, and during the first study period, an additional sample was scored on 14 DIM, while during the second study period additional samples were taken on 13 and 15 DIM. Differences in additional sampling days between first and second study periods were due to other ongoing research activities and availability of farm personnel. Cows were also monitored for hypocalcemia, hyperketonemia, mastitis, lameness, and retained placenta. Hypocalcemia was defined as calcium level in blood serum< 8.6 mg/dL (Chapinal et al., 2011), collected by caudal venipuncture on 3, 7, 14, and 21 DIM. Hyperketonemia was defined as beta-hydroxybutyrate (BHBA) concentration in blood > 1.2 mmol/L (Kaufman et al., 2016) measured with Precision Xtra electronic handheld device (Abbott Laboratories, Chicago, IL, USA) on days 3, 7, 14, and 21 DIM, and BHBCheck (PortaCheck Inc., Moorestown NJ, USA) on days 1, 2, 3, 4, 5, 6, 7, 10, 14, and 21 DIM for the first and second study periods, respectively. Cows were diagnosed with clinical mastitis using the following criteria: watery, thickened, and discolored milk; milk containing blood, pus, flakes, or clots; edema, erythema; or pain in the associated quarter (Royster and Wagner, 2015) between 1 and 21 DIM by trained milkers. Furthermore, subclinical mastitis was assessed measuring somatic cell count (SCC) on days 4 + 2 DIM and 9 + 2 DIM via flow cytometry in quarter milk samples. Cows with SCC > 200,000 cells/mL in one or more quarters were considered positive for subclinical mastitis. Finally, locomotion scores were recorded on days 1, 7, 14, and 21 postpartum on a 1 to 3 scale (Schlageter-Tello et al., 2014). Retained placenta was recorded if fetal membranes were retained for > 24 hours (Sheldon et al., 2006).

For any given cow and day, a metritis event was assigned when a cow developed metritis (score increased from 1 to either 2 or 3) or remained with metritis (scores 2 or 3 remained higher or equal than 2) between two consecutive uterine discharge evaluations. Similarly, for any given cow and any given day, a non-metritis event was assigned when a cow recovered from metritis or remained healthy, this is, when the metritis score decreased to 1, or when the score remained as 1, between two consecutive uterine discharge evaluations. Only those cows that either did not experience any disease postpartum or were only affected by metritis during the 21 days following parturition were selected for further analysis. Among those, some events were classified as either non-metritis or metritis events.




2.3 Sensor data and data pre-processing

For this study, each cow was equipped with a leg-attached accelerometer (Trackacow, ENGS, Hampshire, UK) from parturition (day 1) to 21 days postpartum. For each animal, the device registered the number of minutes per hour a given behavior   was classified as either lying (minutes per hour), lying bouts (number per hour), steps (number per hour), intake (minutes per hour), and intake visit (number of visits to the feedbunk per hour). Five parallel time series were generated for each behavior   for any given time period. Trackacow device has been previously validated by (Chapinal et al., 2007; Borchers, 2015; Borchers et al., 2016).

To remove seasonality in the time series data, we differentiated the time series for each cow and behavior   by subtracting from each time step the value registered by the device in time step corresponding to the previous 24 hours. Sensor data were then combined with the clinical data. First, for a given cow, we assigned the time of diagnosis   at 6:00 h on each one of the days when a metritis event was assigned, and only the time steps from the sensor data corresponding to the previous 72 hours before a given metritis event were considered for further data manipulation. Therefore, the 6:00 h time was used as offset during the pre-processing of the time series sensor data (all_day models). The time series data for each metritis event at time   was then defined by   where   was the time step corresponding to the differenced hourly sensor measurement for behavior   and time step   being   and   the time step within a 72-hour period. Next, we aggregated the time steps using the mean over 4 different time windows   that had different widths: 3, 6, 12, and 24 h. As result, the new time series data for each behavior and metritis event at time   was defined by   where   as the mean sensor value for behavior   and time window   being   time window width   and   the time step within a 72-hour period. The number of time steps that could be included within this period was a function of the width of the time window   Lastly, to estimate the number of optimal time-lags for model performance, transformed time series with different number of time steps were used for each behavior   within a 72-hour period. Model inputs were then defined by   where each feature   was the mean sensor value for behavior   and time window   and time-lag   being   the number of time steps included as features within a 72-hour period before a given metritis event. The number of time-lags that could be included within a 72-hour period was a function of   For example, for behavior registered as lying, time window   and time-lag   1, the number of features included in the model were   corresponding to the mean hourly lying time in the 24 hours right before a given metritis event. Similarly, for behavior registered as lying, time window   and time-lag   3, the number of features included in the model were   corresponding to the mean hourly lying time in the 18 hours right before a given metritis event.

To identify whether farm scheduled activities had an impact on ML classification algorithm performance, same data pre-processing steps described above (aggregation of time steps using the mean over 4 different time windows, use of different number of time steps to study the optimal time-lags) were repeated using only sensor data from 17:00 to 3:00 h, being the time of diagnosis t assigned at 17:00 h on each one of the days when a metritis event was assigned (evening-night models). In this case, the 17:00 h time was used as offset for data manipulation during data pre-processing.




2.4 Model fitting

In this paper, we evaluate the ability of 3 supervised ML classifiers (k-nearest neighbors, random forest, and support vector machines) to discriminate among 2 possible distinct patterns (metritis and non-metritis events) in 5 animal behaviors as independent variables (Alpaydin, 2010). These classifiers are amongst the most used ones in PDM literature and are conceptually different, making them a sensible choice to compare performance (Kohavi et al., 1997). For each combination of behavior   ML classifier, time window   and time-lag   within the 72 hours before a given metritis event, one model was fitted on the sensor data. The process was performed twice: in the first one, all sensor data was used (all_day models) while in the second time, sensor data between 17:00 and 3:00 h were used (evening-night models). In those cases where differences in the behavior distribution between cows of different parities were significantly different, models were fitted a third time, with separate models for primiparous and multiparous cows.

All classifiers used in this study have been described elsewhere. Briefly, k-nearest neighbors (k-NN) relies on the assumption that similar data points exist in close proximity and estimates the closeness using Euclidean distance for each data point to the rest of the data points (Fix and Hodges, 1951; Dasarathy, 1991; Hastie et al., 2009). Random forest (RF) is made up from many decision trees, a flowchart of questions asked about the data that leads to a predicted class (metritis or non-metritis events) with the greatest reduction in Gini Impurity, or the probability that a randomly chosen sample in a set of data points or node would be correctly labeled if it was labeled by the distribution of samples in the node (Breiman, 2001; Hastie et al., 2009). In contrast, support vector machines (SVM) estimate the optimal hyperplane, or decision hyperplane, that separates the different classes while maximizing the distance, or margin, to the closest point from either class, also called support vectors. One of the advantages of SVM is the use of the kernel function, a mathematical function that transforms the feature space to deal with cases in which classes are not linearly separated (Vapnick, 1995; Hastie et al., 2009).




2.5 Model performance assessment

To assess model performance, we used group fivefold cross-validation (5-FCV) to set aside a validation set and use it to assess the performance of the prediction model, using cow ID as grouping variable. Specifically, for any given model, 4/5ths of the data were used to fit the model, whereas the other 1/5th was used to calculate the prediction error of the fitted model (validation set). This process was repeated each time until all 5 folds had been used for both, fitting the model and validation, resulting in an average prediction error. The use of cow ID as grouping variable prevented that events corresponding to the same cow could end up in both, train and validation sets, as multiple events were recorded for each cow during the study period.

Grid Search (GS) was used to optimize classifier hyperparameters, except for RF classifier, where GS was performed after Randomized Search (RS) to reduce the grid search so computing time was manageable. Optimal values that were found to allow for best mean cross-validation accuracy were used to train the final model. Optimized hyperparameters for RF were bootstrap, maximum depth, minimum samples leaf, minimum samples split, and number of estimators. The optimization of SVM were gamma and C. We repeated model evaluation with kernels linear, radial, polynomial, and sigmoid. For k-NN, parameter k was optimized. A complete description of the values used for each one of the hyperparameters and the list of models used during optimization can be found in Table 1.


Table 1 | Hyperparameter values used for optimization of k-nearest neighbors (k-NN), random forest (RF), and support vector machine (SVM) classification algorithms used on behavior variables measured with a leg-attached 3-axis accelerometer (Trackacow, ENGS, Hampshire, UK).



After model fitting, the prediction class probability for each health event of being classified as metritis was obtained and ranked from highest to lowest, and the top 20, 30, and 40% class probabilities were used as different cut-off points instead of using the default 0.50 class probability. For each cut-off point (20, 30, 40%), classification performance was evaluated using averaged estimates of 5-FCV sensitivity (Se or recall), specificity (Sp), positive predictive value (PPV or precision), negative predictive value (NPV), accuracy (Ac), F1 score, the area under the curve (AUC) for the receiver operating characteristic (ROC) curve and Precision Recall (PR)-curves. Sensitivity was estimated as the ratio of correctly predicted positive observations to all observations in the actual class (metritis event) in each one of the 5 cross-validation folds. Specificity was estimated as the ratio of correctly predicted negative observations to all observations in the actual class (non-metritis event) in each one of the 5 cross-validation folds. Positive predictive value was the ratio of correctly predicted positive observations to all predicted positive observations in each cross-validation fold. Similarly, NPV was the ratio of correctly predicted negative observations to all predicted negative observations in each fold. Accuracy was the ratio of correct predictions to all number of observations in each fold. F1 score is the weighted average of PPV and Se, considering both false positives and false negatives. It is used in classification problems where the distribution of the observations in each class is unbalanced (Saito and Rehmsmeier, 2015). F1 score was computed as (1 + β2)*(PPV * Se)/((β2 * PPV) + Se), where β = 1 (Saito and Rehmsmeier, 2015).

Open-source software was used for feature extraction, classifier implementation, and parameter optimization (pandas, numpy, scikit-learn. Python version 2.7. Python Software Foundation, http://www.python.org) (Pedregosa et al., 2011). Plots were done using ggplot2 library (Wickham, 2009), using R open-source statistical software (R Core Team, 2017).





3 Results



3.1 Metritis events

Based on the changes of metritis score between two consecutive evaluations, 239 health events were created. Among those, 188 were labeled as non-metritis class, while 51 were labeled as metritis class. The resulting dataset was unbalanced given the greater number of non-metritis events compared to the metritis events. All events were generated from the clinical evaluations from 35 dairy cows (Jersey = 20; Holstein = 15; primiparous = 17; multiparous = 18) that had been retrospectively selected from the original dataset (n = 138). The number of hourly sensor records ranged from 10,874 (intake and intake visit) to 14,138 (lying, lying bouts, and steps).

Average + SD milk yield was 36.1 kg. + 15.6. Of the 35 cows selected, 13 did not have any metritis events during the study period, while 22 were diagnosed at least once with metritis (score >1), occurring at 12 DIM (12.02 + 4.72 DIM). Among these, 2 cows had retained fetal membranes and were kept for data analysis. None of the selected animals had hyperketonemia, mastitis, or hypocalcemia. The proportion of metritis events for primiparous and multiparous were 20% and 23%, respectively.




3.2 Sensor data

Cows showed high variability in their behaviors during the study period, especially regarding number of steps (98.8 ± 72.51 number/h) and lying time (21.74 ± 21.06 min/h), followed by intake (7.54 ± 12 min/h). This trend was constant regardless of the level of sensor data aggregation and time of the day (Table 2). Furthermore, the distributions for lying bouts, steps, intake, and intake visits were right-skewed, and differences in the mean values by parity were greater during the evening-night hours for lying and steps (Figure 1).


Table 2 | Descriptive statistics for the five behavior variables measured with a leg-attached 3-axis accelerometer (Trackacow, ENGS, Hampshire, UK).






Figure 1 | Distribution and density of raw sensor data stratified by parity and time of the day for the five behaviors registered by a leg-attached 3-axis accelerometer (TrackaCow, ENGS, Hampshire, UK). Horizontal lines indicate mean and standard deviation. Milking is from 4:00 to 5:59 h and from 15:00 to 16:59 h; morning is from 6:00 to 14:59 h; evening-night is from 17:00 to 3:59 h in the following day.



Animal behavior changed throughout the study period, with significant changes in the first 3 days post-partum for lying time, lying bouts, and steps (Figure 2). During the first 3 DIM, lying time increased while number of lying bouts and steps decreased. Overall, intake time showed an upward trend throughout the study period. When behaviors were stratified by parity, multiparous cows showed significantly lower number of lying bouts than primiparous cows throughout the study period, while significant differences in number of steps by parity occurred around 7 and 14 DIM. During the whole study period, primiparous cows tended to spend less time lying down with greater number of steps than multiparous cows. When looking at the variability of each behavior throughout the 24 hours of any given day, lying time and steps had inverse trends, with greater number of steps during milking times and at 10:00 h, time at which lying bouts were also the greatest (Figure 3). Intake and intake visits showed similar trends, with greater values right after milking times. Differences by parity were observed for lying bouts throughout the day, while differences by parity regarding lying and steps were observed during the evening-night hours, when multiparous spent more time lying down and took fewer steps than primiparous.




Figure 2 | Mean raw sensor data and 95% C.I. for the mean by days in milk (DIM) stratified by parity for the five behavior variables measured with a leg-attached 3-axis accelerometer (TrackaCow, ENGS, Hampshire, UK).






Figure 3 | Mean raw sensor data and 95% C.I. for the mean within 24 hours for any given day of the study period stratified by parity for the five behavior variables measured with a leg-attached 3-axis accelerometer (TrackaCow, ENGS, Hampshire, UK).



To further explore the changes of the different behaviors across the study period, we also looked at the variation for any given 24-hour period for different postpartum periods: convalescent (from parturition to 3 DIM), first week (4 to 7 DIM), second week (8 to 14 DIM), and third week (15 to 21 DIM). No significant differences were observed across the different periods, however, intake and lying tended to be greater while steps tended to be lower during the third week compared with the convalescent period. Such trends became unnoticeable during milking times and, in some cases, when cows were locked in their pens for health checks at 10:00 h (Figure 4).




Figure 4 | Mean raw sensor data and 95% C.I. for the mean for each behavioral variable measured with a leg-attached 3-axis accelerometer (TrackaCow, ENGS, Hampshire, UK) in a 24-hour period stratified by parity and days in milk (DIM) categorized as convalescent (parturition to 3 DIM), first week (4 – 7 DIM), second week (8 – 14 DIM), and third week (15 – 21 DIM). Only convalescent and third week are shown for comparison purposes.






3.3 Performance comparison of three ML classifiers

A total of 1,386 models were fitted representing all possible combinations of ML algorithm (k-NN, RF, SVM), behavior   (lying, lying bouts, steps, intake, intake visit), time window   (3, 6, 12, 24 h), time-lag   (between 3 and 72 h before any given event), time of the day (all_day, evening-night), and parity (primiparous, multiparous). We only fitted models for each parity in those behaviors where differences between primiparous and multiparous have been observed (lying, lying bouts, steps). To select the best models, 5-FCV F1 score was used for comparison across all cut-offs (20, 30, 40%).

To assess the effect of farm scheduled activities on ML performance, we compared the distribution of the 5-FCV F1 score for each classifier. Our results showed that, for all three classifiers, higher F1 scores were obtained when all sensor data were used regardless of the time of the day (all_day models) and using the 20% cut-off. Random forest had the highest and most consistent F1 scores across multiple time windows and time-lags, followed by k-NN and SVM (Figure 5). Detailed performance metrics can be found in the supplemental materials for all models.




Figure 5 | F1 scores (%) using the 20% highest class probabilities as cut-off when sensor data registered by a leg-attached 3-axis accelerometer (TrackaCow, ENGS, Hampshire, UK) were aggregated using time windows of 24, 12, 6, and 3 hours. F1 scores are shown for those models where all sensor data were used to fit the models and parity was not taken into account. F1 scores are shown for different time-lags and for each one of the classifiers: k-nearest neighbors (k-NN), random forest (RF), and support vector machine (SVM).



To manage the large number of models fitted in this study, we further identified the best models for each ML classifier based on an upper quartile F1 score at the 20% cut-off for all_day models. For RF, the upper quartile F1 scores were between 92.86% and 100%, while for k-NN they were between 44.94% and 63.16%. In contrast, SVM had lower F1 scores, with the upper quartile values between 23.26% and 65%. Those behaviors for which separate models were fitted by parity, higher number of models for primiparous cows ranked in the top quartile of the F1 score distribution (20% cut-off and RF classifier).




3.4 Optimal time windows and time-lags for best behavioral variables

Our results confirmed that, among the three classifiers, RF had the best performance. As the level of sensor data aggregation became smaller (3- and 6-hour time windows), a greater number of behaviors had slightly higher F1 score values and ranked in the upper quartile for each ML classifier. However, when data were aggregated using 24-hour time window  , the predominant behaviors were lying and intake visit when using k-NN or SVM. When sensor data were aggregated using 12-hour time window  , steps were the predominant behavior, followed by intake and intake visit using k-NN and SVM classifiers. When sensor data were aggregated using 6- or 3-hour time windows, lying and steps were the predominant behaviors when RF was used. In contrast, for the same time windows, intake visit was the predominant behavior when k-NN or SVM were used, while lying was the least predominant behavior (Figure 6). For those behaviors for which separate models were fitted by parity, best time windows were 3-, 6-, or 12-hours, and best time-lags were those corresponding to all sensor data up to 25 – 72 hours before a given event.




Figure 6 | Distribution of F1 scores (%) at the 20% cut-off from the upper quartile by behavior and classifier when sensor data registered by a leg-attached 3-axis accelerometer (TrackaCow, ENGS, Hampshire, UK) were aggregated using 24-, 12-, 6-, and 3-hour time windows, and sensor data from all day were used. F1 scores are shown for different times-lags and for each one of the classifiers: k-nearest neighbors (KNN), random forest (RF), and support vector machine (SV).



Our study found that RF showed the best balance between high F1 score values and consistency regarding the number of time-lags a given behavior ranked amongst the best models. Best results were obtained when sensor data were aggregated using 6- or 3-hour time windows. For time window  , best models were found between 31 to 72 hours before the event (time-lags from 6 to 12). Similarly, for time window  , the best models were found between 16 to 72 hours before the event (number of time-lags from 6 to 24) (Figure 6). Tables 3 and 4 show the performance metrics for the selected best models at two different cut-off points (20 and 30%). For the selected time-lags and the 20% cut-off, Se and PPV increased as we increased the time-lags, with PPV always higher than the Se. However, adding more time steps did not always improve model performance.


Table 3 | Results from models’ performance (%) where random forest (RF) classifier was used on sensor data registered by a leg-attached 3-axis accelerometer (TrackaCow, ENGS, Hampshire, UK) from all day were aggregated using a 6-hour time window and the 20% cut-off as decision threshold after ranking the classification probabilities from high to low.




Table 4 | Results from model’s performance (%) where random forest (RF) classifier was used on sensor data registered by a leg-attached 3-axis accelerometer (TrackaCow, ENGS, Hampshire, UK) from all day aggregated using time windows of 3 hours and the 20% cut-off as decision threshold after ranking the classification probabilities from high to low.



For example, the PPV for lying behavior and time window   peaked at time-lag 8 (100% PPV) and plateaued afterwards. Similarly, the PPV for step and time window   peaked at time-lag 8 (100% PPV), decreasing afterwards. For behavior steps, the highest F1 scores were obtained at 1.5 – 2 days before any given event (13 time-lags and 8 time-lags corresponding   and   time windows, respectively). In contrast, the highest F1 score for lying time was found at time-lags 8 and 6 for time windows   (24 hours before an event) and   (36 hours before an event), respectively.

Using the estimated predicted probabilities, we compared the metritis events identified by RF with the clinical data. We found that the number of missed events ranged between 1 and 4, increasing as we increased the number of time steps before the health event, and none of them were two consecutive missed events, this is, the metritis had either been diagnosed before, or it was diagnosed at the following metritis evaluation.





4 Discussion

In this study, we developed a predictive model for early detection of metritis events using behavioral data collected from a leg-attached accelerometer. The study compared the performance of three ML classification algorithms to develop the predictive model, using F1 score to compare across models. We also studied the appropriate time windows and time-lags for optimal model performance, taking into account the potential effect of farm scheduled activities and decision thresholds on classifier performance.



4.1 Sensor data

Our results confirmed that behavior data can be highly variable. From the results summarized in Table 2 stands out that cows spent, on average, 8.7 hours/day lying down (21.74 + 21.06 min/h), had 14.88 lying bouts per day (0.62 + 0.85 per h), and took 2,371.2 steps per day (98.80 + 72.51 per h). Our findings are similar to those found by others, although mean lying time was found to be in the lower of what is recommended (Bewley et al., 2010; Gomez and Cook, 2010). Differences in the mean values across studies could be due to differences in the devices used or the average DIM of the animals. Most of the studies that report descriptive statistics of different behaviors are validation studies where cows across the whole lactation were used, increasing the average DIM of the animals in the study. This is particularly relevant since cow’s behavior is constantly changing postpartum. Furthermore, differences in management practices such as high frequency feed delivery will translate into differences in lying time and lying bouts across studies (Mattachini et al., 2019).

In this study, animal behavior changed according to DIM. During the first 3 DIM, lying bouts and steps behaviors had a downward trend while lying time had an upward trend. Overall, intake had an upward trend for the whole study period. We also found that multiparous had a lower number of lying bouts and steps than primiparous, while the amount of time lying was greater than that found in primiparous, particularly during evening-night hours. The trends observed during the study period agree with those found by other authors. Lying time has been reported to decrease in the days following parturition, with increasing lying time as DIM increased (Chaplin and Munksgaard, 2001; Bewley et al., 2010). Udder discomfort or high demand for food have been proposed as explanations for this trend (Chaplin and Munksgaard, 2001). Feeding behavior has been found to decrease by 35% over the 2 weeks before calving and to increase by 99% over the 3 weeks following parturition (Urton et al., 2005). Differences by parity regarding lying bouts, lying time, and number of steps have been found in other studies, where primiparous cows have shown increased lying times among grazing dairy cows (Sepúlveda-Varas et al., 2014), as well as in free-stall housed cows (Vasseur et al., 2012; Barragan et al., 2018; Neave et al., 2018). In contrast, multiparous cows had greater lying times in our study, a finding supported by Piñeiro et al. (2019). It is not clear why different studies yield contradictory results for the interaction between parity and lying time, but it is possible that different findings may be attributed to inflammatory response differences by parity (Humblet et al., 2006; Piñeiro et al., 2019), or to social dominance dynamics between primiparous and older cows (Sepúlveda-Varas et al., 2014). Nevertheless, we found that classifier performance for lying time by parity was not superior to that one in which data from all cows were pooled together.

The studied behaviors also changed according to the time of the day. When behaviors were observed in a 24-hour period, cows showed inverse trends regarding lying and steps. Lying time is a resting state that was higher during night hours, followed by the hours between morning and afternoon milking. In contrast, behavior steps is an activity state that was higher during milking times and at 10:00 h, time at which cows were being moved to be treated or checked. These trends are supported by circadian cycle research (Ruckebusch, 1972) and similar findings have also been reported by other authors, although small differences can be found across studies due to differences in milking times, feeding management, or environmental temperature (Overton et al., 2002; DeVries and von Keyserlingk, 2005). Differences by parity were only observed during the evening-night hours, a finding that could support the hypothesis that when left alone by farm personnel, cows may have greater opportunities to express their natural behavior. Therefore, restricting the use of sensor data to the evening-night hours could improve classifier performances. Our findings regarding model performance comparing all_day versus evening-night models did not support this hypothesis. Nevertheless, future studies should evaluate classifier performance under different scenarios on a case basis, as there are some behaviors that may not be worth considering given certain times of the day such as milking times, where animals will not lay down or eat.

To better understand the dynamics of cow behavior throughout the study period, we looked at the behaviors in a 24-hour period when DIM were categorized. Based on our results, we did not find significant differences across mean values for each hour of the day. However, based on our results, we propose that the inclusion or exclusion of data from the first 3 DIM should be routinely evaluated in these types of studies, since results may change depending on the type of sensor device used and the nature of behavioral data being collected.




4.2 Performance comparison of three ML classifiers

Based on the F1 score distribution and consistency of results at the 20% cut-off, RF had the best performance, followed by k-NN and SVM, with slightly higher F1 scores as the level of time aggregation became smaller, a finding also reported in other studies (Martiskainen et al., 2009). In this study, amongst those models with best performance, k-NN achieved an F1 score with values between 44.94 – 63.16%, while SVM yielded an F1 score between 23.26 – 65.00%. In contrast, the best RF models had F1 scores in the range between 92.86 – 100%. Random forest is based on decision trees, a classification method that has been used in the precision dairy farming with great success to study grazing cattle behavior (Williams et al., 2016), to predict fertility and improve heat detection in dairy cows (Caraviello et al., 2006; Vanrell et al., 2014), to predict mastitis (Kamphuis et al., 2010), or to understand complex relationships between metabolic diseases postpartum and culling risk (Probo et al., 2018). Random forest can handle large data sets with a high number of features; however, the decision trees the RF is made of are not intuitive, making it harder to grasp the relationship existing in the input data when compared with other methods.

We also found that, even though intake and intake visit did not yield high F1 scores, SVM and k-NN classifiers performed better with behaviors intake and intake visit while RF performed better with behaviors lying and steps. This supports the idea that some ML classifiers may work better than others for certain behaviors, and alternative ML algorithms for feeding related behaviors measured with Trackacow device should be explored.




4.3 Optimal time windows and time-lags for best behavioral variables

In dairy cattle, increased physical activity is a sign of estrus (Firk et al., 2002) and a sign of sickness behavior when decreased around metritis diagnosis (Liboreiro et al., 2015; Stangaferro et al., 2016a; Steensels et al., 2017). In our study, number of steps had a Se that ranged between 88.37 to 93.33%, PPV between 92.86 and 100%, and F1 score between 90.7 and 96.55%, being these estimates using the 20% cut-off and RF classifier. These results were similar when sensor data were aggregated either every 6- or 3-hour time windows. These performance metrics were greater than those reported by (Mayo et al., 2019) for heat detection, although their sample size was smaller, and they did not use a ranked-based approach to evaluate model performance. Our estimates were also higher than those reported by Stangaferro et al. (2016b), with average Se of 53% and a maximum of 70% Se for those cows with rectal temperature ≥ 40.0°C. However, comparison is not straightforward since performance metrics provided by other authors were for the associations between metritis diagnosis and a health index, computed with proprietary algorithms that combined rumination and activity measured in arbitrary units per day. Furthermore, no values for PPV were reported since no specific disease was provided in the alert generated by their device.

Among behaviors considered as resting state, lying time has a critical role in the production potential and welfare status of dairy cattle. Associated with disease, increased lying time has been found in animals with metritis as a consequence of depression (Barragan et al., 2018), while it has been found to decrease associated with mastitis due to discomfort while lying down (Siivonen et al., 2011). In this study, lying time Se, Sp, PPV, F1 score, and Ac were 87.8 – 97.5%, 98.08 – 100%, 92.31 – 100%, 90 – 98.73%, and 95.94 – 99.49%, respectively, with slightly greater values when sensor data were aggregated using a time window of 6 hours. Our performance metrics are higher than those found in accelerometer device validation studies, with Se, PPV, and Ac of 80%, 83%, and 84%, respectively (Martiskainen et al., 2009), as well as higher than those found using lying time 1 week before calving to predict metritis post-partum, with reported Se and Sp of 75% and 66.67%, respectively (Patbandha et al., 2012).

The number of models that ranked amongst the best ones changed based on the different time windows. Based on our findings, best results were obtained with sensor data aggregated using 6- or 3-hour time windows, being the 6-hour time window slightly better for steps, while the 3-hour time window resulted in slightly better performance for lying bouts. For optimal performance, sensor data from the previous 36 – 72 hours before the event were needed when sensor data with 6-hour time windows were used, although when data were aggregated using 3-hour time windows, data from the previous 18 hours before an event did suffice. This is in agreement with what has been found by other authors: steps have been found to change 2 days before diagnosis of metritis (Steensels et al., 2017), metabolic, or digestive problems (Edwards and Tozer, 2004). Similarly, lying bouts have been found to change 2 to 3 days before metritis diagnosis (Neave et al., 2018; Piñeiro et al., 2019). Nevertheless, the appropriate combination of number of observations used as cut-off, time window, and time-lags should be chosen on a farm case basis and should be dynamically adjusted to reflect changes in the incidence of metritis cases, costs for medical treatments, and cost of missed metritis cases.




4.4 Model generalization

Studying metritis events is challenging due to the multifactorial causes of common diseases during the transition period in dairy cattle. Three weeks before and after parturition, dairy cattle undergo a negative energy balance, which is a risk factor for diseases such as metritis, hypocalcemia, or hyperketonemia (LeBlanc, 2010). There is also no clear ML algorithm that can be used for detecting metritis events, and contradictory findings are found in the literature. It is difficult to generalize feature-based models to unseen data, as causes and incidence of health problems as well as differences in animal behavior often differ between herds. One explanation of differences between farms could be linked to farm-specific factors that have an impact on animal behavior such as differences in feeding and milking times, stall stock density, type of housing system, type of lying material, standing surface, weather and climate (Tucker et al., 2021). Similarly, the use of different metritis scoring systems and diagnostic techniques could result in different findings as those presented in this study. Besides, meaningful model inputs can be hard to identify due to an overall lack of methodological study and reporting of sensor data pre-processing in the literature. It could be possible to overcome the generalization problem by continuously implementing the model on farms, resulting in improved model performance over time. Furthermore, a larger dataset containing more animals and multiple farms may facilitate the extraction of model variables that do not farm-specific.

Overfitting is another common problem in machine learning that impacts the generalization of the models. In fact, better performance at shorter time windows (e.g., time windows   versus  ) or longer time-lags (e.g., 3 versus 24 with time window  ) could be due to overfitting. In those cases where changes in performance are not statistically significantly different, simpler models should be preferred.




4.5 Conclusions

The findings of this study have several implications. Our results indicate that rank-based methods for model fitting yields superior results to those studies where data were artificially balanced. Therefore, rank-based methods should be preferred when developing predictive models that deal with unbalanced datasets that may be implemented in the future. We also found that data from the last two days regarding steps and lying time measured with Trackacow device could be used to predict metritis events with RF classifier when sensor data were aggregated using either 6- or 3-hour time windows.
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mean 21.74 033 0.34 0.36 0.46 11.78 21.88 25.25
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Lying Bouts (number per hr.)

n 14,138 4,374 2,199 1,138 588 2,356 5312 6,470

mean 0.62 0.00 0.00 0.00 0.00 0.53 0.71 0.57
std 0.85 0.60 0.44 0.33 0.27 0.77 0.94 0.79
min 0 =5 -3.33 -2.67 -2.67 0 0 0
max 12 5.33 433 2.25 15 6 11 12

Steps (number per hr.)
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Intake (min per hr.)
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std 12.00 8.69 5.90 4.49 3.46 9.51 12.58 12.23 ‘
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max 60 47.33 335 25 25 60 60 60 ‘

| Intake Visit (number per hr.)

n 11,330 3456 1,739 906 471 1,888 4,259 5,183
mean 0.38 0.00 0.00 0.01 0.01 0.39 041 0.35
std 0.56 037 0.26 0.20’ 0.17 0.55 059 0.54
min 0 -1.67 -1 -0.67 -0.54 0 0 0
max 3 167 117 1 1 3 3 3

"Time window: level of hourly sensor data aggregation. Computations were done after removal of seasonality in the raw sensor data by differentiation.
*Time of the day: to assess differences based on scheduled farm activities, activities were classified based on farm schedule: milking was from 4:00 to 5:59 h and from 15:00 to 16:59 h; morning was
from 6:00 to 14:59 h; evening-night was from 17:00 to 3:59 h of the following day.
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k-NN K N/A 1tol5 Lying time, 24 hours, all_day, evening-night, time-lag =1 to 3 = 8 (10 for
days. primiparous)
Lying bout, 12 hours, all_day, evening-night, time-lag = 1 to 3
days.

Lying bout, 24, 12, 6, 3 hours, primiparous, multiparous,
all_day, time-lag = 1 to 3 days.

RF Bootstrap” True, False True Lying time, 24, 12, 6, 3 hours, all_day, evening-night, all True
N parities, primiparous, time-lag = 1 to 3 days.
Max. depth 10, 20, 30, 40, 50, 60, 70, 80, 5, 10, 15,20 Lying bouts, 24, 3 hours, all_day, primiparous, tinelag =1 to | 10
90, 100, 110, None 3 days.

Steps, 3, 6, 12 hours, evening-night, primiparous, time-lag = 1

Max. features’ | ‘auto’, ‘sqrt’ “auto’, ‘sqrt’ 103 days. ‘a\fmj (‘sqrt’ for
primiparous)
Min. samples 1,2,4 2,4,6 5 (4 for
leaf® primiparous)
Min. samples 2,510 2,3,4,5 2;
split’
Number of 100, 200, 300, 400, 500, 600, 100, 500, 800 500 (800 for
estimators’ 700, 800, 900, 1000 primiparous)
SVM Kernel® N/A Linear, rbf, Lying time, 24, 12, 6, 3 hours, all_day, evening-night, all Linear
poly, sigmoid parities, primiparous, time-lag = 1 to 3 days.
N Lying bouts, 3, 24 hours, all_day, primiparous, time-lag = 1 to
C N/A 00L,0.L, 1,10 | 3 gays, 0.01
Degree'® SR 5 Steps, 12 hours, evening-night, primiparous, timeag =1t02 |
days.

Gamma'" N/A ‘auto’, 0.01, ‘auto’

0.1, 1, 10

'k, number of neighbors.

?Bootstrap, method for sampling data points (with or without replacement).

*Max. depth, maximum number of levels in each decision tree to control for overfitting.

“Max. features, maximum number of features (independent variables) considered for splitting a node.

*Min. samples leaf, minimum number of data points allowed in a leaf node.

Min. samples split, minimum number of data points placed in a node before the node is split.

“Number of estimators, number of trees in the forest.

®Kernel, type of kernel used to map the data to a different space where a linear hyperplane can be used.

“C, cost parameter to control the tradeoff between the misclassifications and width of the margin.

'°Degree, degree of the polynomial used when kernel = ‘poly’.

"'Gamma, defines how far the influence of a single data point reaches and configures the sensitivity to differences in the data. When gamma is large, the radius of the area of influence only
includes the support vector itself, and no amount of regularization with C will be able to prevent overfitting.
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Only rows where a change in either sensitivity (Se) or positive predictive value (PPV) are shown.
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