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Animal welfare assessments that measure welfare outcomes, including behavior and health, can be highly valid. However, the time and skill required are major barriers to their use. We explored whether feasibility of welfare outcome assessment for dairy herds may be improved by rationalizing the number of measures included. We compared two approaches: analyzing whether strong pairwise associations between measures existed, enabling the subsequent exclusion of associated measures; and identifying possible summary measures—“iceberg indicators”—of dairy herd welfare that could predict herd welfare status. A cross-sectional study of dairy herd welfare was undertaken by a single assessor on 51 English farms, in which 96 welfare outcome measures were assessed. All measures showed at least one pairwise association; percentage of lame cows showed the most (33 correlations). However, most correlations were weak–moderate, suggesting limited scope for excluding measures from protocols based on pairwise relationships. A composite measure of the largest portion of herd welfare status was then identified via Principal Component Analysis (Principal Component 1, accounting for 16.9% of variance), and linear regression revealed that 22 measures correlated with this. Of these 22, agreement statistics indicated that percentage of lame cows and qualitative descriptors of “calmness” and “happiness” best predicted Principal Component 1. However, even these correctly classified only ~50% of farms according to which quartile of the Principal Component 1 they occupied. Further research is recommended, but results suggest that welfare assessments incorporating many diverse measures remain necessary to provide sufficient detail about dairy herd welfare.
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INTRODUCTION

Welfare outcome (animal-based) measures are arguably the most valid indicators of animal welfare (Rushen and Passillé, 1992; Knierim and Winckler, 2009), so their inclusion in welfare assessment protocols is widely recommended (Capdeville and Veissier, 2001; Waiblinger et al., 2001; Webster et al., 2004; FAWC, 2005). However, welfare outcome assessment is often extremely time-consuming (Rushen and Passillé, 1992). This is partly because it generally needs to be undertaken across multiple animals (Ito et al., 2009; Mullan et al., 2009a; Endres et al., 2014) and/or multiple time points (Ito et al., 2009; Vasseur et al., 2012) to ensure sufficient reliability. For example, although it only takes ~1 min to assess avoidance distance in an individual dairy cow using the Welfare Quality® protocol, it can take up to 70 min (depending on herd size) to assess this at the herd level (Welfare Quality, 2009). Also, as animal welfare is multi-dimensional (Fraser et al., 1997; Botreau et al., 2007a) and there is no perfect welfare indicator (Mason and Mendl, 1993), welfare assessments need to be based on multiple measures (Blokhuis et al., 2010; Nicol et al., 2011). Although it is sometimes possible to assess multiple welfare outcome measures simultaneously [e.g., aspects of lying behavior, social behavior, and coughing can all be recorded within a single observation period (Welfare Quality, 2009)], the inclusion of multiple measures generally greatly increases overall assessment time. Full welfare outcome assessments can therefore take many hours to complete for a single herd (Welfare Quality, 2009).

The substantial implementation time of welfare outcome assessments is a major barrier to their widespread use on-farm (Knierim and Winckler, 2009; Sandgren et al., 2009; Blokhuis et al., 2010; Nyman et al., 2011; de Vries et al., 2013b). However, it is important they are implemented because of their enhanced validity compared with quicker, resource-based, assessments. Therefore, it is vital we work to develop solutions to improve their feasibility for legal inspections, welfare assurance schemes, and other assessments by farmers and veterinarians.

There are three main routes by which the feasibility of welfare outcome assessments could be improved, without compromising the overall reliability or validity of the assessments:

1) automating assessment activities (e.g., Rushen et al., 2012; Berckmans, 2014);

2) optimizing sampling strategies within farms, such as focal animal sample sizes and/or the length/frequency of observation periods to achieve an optimal balance between assessment feasibility and reliability (e.g., Ito et al., 2009; Main et al., 2010; Heath et al., 2015; Van Os et al., 2018);

3) optimizing the number of measures included in assessment protocols through the use of “summary measures” that can predict other or wider aspects of welfare, to achieve an optimal balance between assessment feasibility and validity (e.g., Mülleder et al., 2007; Nicol et al., 2011; Nyman et al., 2011).

In this paper, we focus on the latter route.

There is a small but growing body of research into the optimisation of the number of measures included in assessment protocols. Some studies have investigated relationships between individual welfare outcome measures to highlight areas of potential overlap within assessment protocols, identifying apparently redundant welfare outcome measures for exclusion (e.g., Mülleder et al., 2007; Nicol et al., 2011). Other studies have investigated the existence of putative iceberg indicators which can be used, on their own, to describe the wider welfare status of farms (e.g., Sandgren et al., 2009; Nyman et al., 2011). Iceberg indicators are termed as such because they “provide an overall assessment of welfare, just as the tip of an iceberg signals its submerged bulk beneath the water's surface” (FAWC, 2009).

Associations between different welfare outcomes should exist to some extent, because of causal relationships between them, such as an injury (one measure) causing cows to become lame (a second measure); because of shared underlying risk factors, such as poor housing resulting in dirtiness, injuries and lameness; or because different measures are supposed to be measuring the same thing (animal welfare). Indeed, associations between welfare outcome measures are commonly noted (e.g., Roche et al., 2009; Weary et al., 2009; de Vries et al., 2011). For example, reduced time lying down (Chapinal et al., 2009; Proudfoot et al., 2010) and poor body condition (Green et al., 2014; Randall et al., 2015) are risk factors for lameness across individual cows.

The potential of this approach for improving welfare outcome assessment feasibility has been considered in several species including cattle (Mülleder et al., 2007; de Vries et al., 2013a,b, 2014), pigs (Mullan et al., 2009b), and chickens (Nicol et al., 2011). These studies often did find significant pairwise associations between the measures investigated, but associations were generally weak (i.e., correlation coefficients of <0.4), leading authors to conclude there was little scope for using one measure to substitute for another (Mülleder et al., 2007; Mullan et al., 2009b; Nicol et al., 2011; de Vries et al., 2013a). However, a more encouraging result was reported by de Vries et al. (2014), who investigated the extent to which records-based welfare measures could predict directly observed welfare outcome measures; although the predictive ability of individual records-based measures was again poor, predictive performance substantially increased when these measures were combined into small subsets. Also, in broiler chickens, one study found considerable scope for using individual slaughter plant assessments of hockburn and footpad dermatitis to replace certain on-farm measures, which they strongly predicted, potentially reducing welfare assessment time by up to 3 h (de Jong et al., 2015).

The possible existence of iceberg indicators of welfare has received relatively little theoretical consideration to date. FAWC (2009) postulated that some welfare outcomes may be particularly effective at summarizing overall husbandry quality and animal welfare. The idea that single measures can provide a broad assessment of animal welfare is debated, however, because of the supposed multi-dimensional nature of animal welfare. For example, an effective iceberg indicator might need to capture the extent of pain, fear, hunger, disease, contentment, and more (Dawkins, 2006; Botreau et al., 2007a).

A few studies have attempted to improve welfare assessment feasibility by identifying potential iceberg indicators of welfare, with mixed success. Some of these studies investigated whether any easily available welfare input (de Vries et al., 2016) or welfare outcome (Sandgren et al., 2009; Nyman et al., 2011; Brouwer et al., 2015; Krug et al., 2015) measures held within national dairy databases could be used as screening tools to predict the welfare status of herds, as determined by on-farm welfare assessment. Most found that small subsets of records-based welfare outcome measures—related primarily to herd mortality, fertility and somatic cell counts—predicted herd welfare status with a moderate-high degree of accuracy, sensitivity and specificity. Thus, the authors concluded that there appeared to be scope for using records-based welfare outcome measures as a highly feasible means of estimating dairy herd welfare. Similarly, a study in pigs concluded there was good potential for using abattoir data as a feasible means of indicating wider welfare on pig farms (van Staaveren et al., 2017).

Other studies investigated whether particular aspects of the Welfare Quality® assessment protocol for dairy cows could predict the assessment's overall classification result, i.e., whether a farm was categorized as, for example, “acceptable” or “enhanced” (Andreasen et al., 2013; Heath et al., 2014b). Specifically, Andreasen et al. (2013) investigated whether the Qualitative Behavior Assessment (QBA) component of the Welfare Quality® protocol could predict the assessment's overall classification result, because it is intended to capture the animals' expressions of their own subjective experiences (e.g., Wemelsfelder et al., 2001; Wemelsfelder, 2007). However, they found no significant correlation between QBA and the overall classification result. In contrast, Heath et al. (2014a) found that—when analyzed within a diagnostic agreement framework—the QBA component of the Welfare Quality® protocol was reasonably good at predicting the overall classification result (67% predictive accuracy). That study investigated the extent to which many different components of the Welfare Quality® protocol, including welfare inputs, could predict the overall classification result. Unexpectedly, the best performing component was the “absence of thirst” criterion, which comprises several welfare input measures related to water provision. The authors argue that, rather than water provision being highly informative/integrative per se, this result likely reflects previously identified problems with the Welfare Quality® multi-criteria aggregation method used to generate the overall classification result (Heath et al., 2014a). This is because the “absence of thirst” criterion was unintentionally weighted more highly within the overall aggregation process compared with many of the other criteria within the assessment protocol (de Vries et al., 2013a), creating an especially strong relationship between this criterion and the overall classification (Heath et al., 2014a). A similar issue was described when using the Welfare Quality® protocol for broiler chickens, where the final classification was heavily influenced only by “drinker space” and “stocking density,” and the classification was extremely insensitive to changes in other constituent welfare outcome measures (Buijs et al., 2016). It is thus difficult to draw firm conclusions about the possible existence of iceberg indicators of welfare based on these latter studies, but clearly it will be important to develop a welfare classification system that does not give undue weight to constituent measures that are unlikely to be key determinants or signals of overall animal welfare.

In this study we aimed to evaluate whether the feasibility of welfare outcome assessment for dairy herds could be improved by rationalizing the number of measures used. The objectives were to identify pairwise correlations between measures of welfare and to identify putative iceberg indicators of welfare, via a cross-sectional study incorporating a comprehensive welfare outcome assessment.

Our hypotheses were that, if some welfare indicators are highly predictive of overall welfare, then firstly pairwise associations will exist between different individual welfare outcome measures for UK dairy herds; and secondly measures of the overall welfare statuses of UK dairy herds can be predicted by a few specific individual welfare outcome measures (iceberg indicators).

The two hypotheses are complementary, but it was necessary to test both because, whilst use of iceberg indicators would be the more efficient approach, it was uncertain that iceberg indicators would even exist. If none existed, then pairwise analyses could at least indicate if any individual measures were redundant (and thus could be excluded) because of a very strong correlation with another measure.



MATERIALS AND METHODS


Selection and Recruitment of Farms

Farms were recruited from a database of 468 British dairy farms that had participated in the AHDB Dairy (formally DairyCo) Milkbench+ Profitability Benchmarking Scheme in 2012 [described in DairyCo (2014)]. We used a purposive stratified sampling approach to select farms of differing system types and potential welfare statuses into the study. To do this, relevant Milkbench+ variables (e.g., “amount of non-forage feed fed/cow/year” and “% cows culled”) were submitted to an exploratory principal component analysis (PCA), to help identify composite measures to give an approximation relevant to system type and welfare status. This revealed two distinct principal components, which did not map entirely onto system type or welfare status, but that appeared to describe the overall “production intensity” (e.g., average milk yield/cow/year, amount of non-forage feed fed/cow/year) and general “mortality/morbidity status” (e.g., % cows culled, average milk SCC/year) of farms, respectively. We used the “production intensity” and “mortality/morbidity” principal component scale quartile values to stratify the 468 Milkbench+ farms into a total of 16 farm system type/herd welfare status categories. The stratification process resulted in categories spanning (a) lower input/output farms with poorer welfare (higher mortality/morbidity), (b) lower input/output farms with better welfare through to (c) higher input/output farms with poorer welfare and (d) higher input/output farms with better welfare. A similar sampling approach has been used in a number of previous studies to actively recruit farms of a range of different system types (Haskell et al., 2006), herd sizes (Nyman et al., 2011), and herd welfare statuses (de Vries et al., 2013a).

For logistical reasons it was only possible to visit farms in the South/Midlands of England, which comprised 242 of the original 468 farms. All of the 16 farm system type/herd welfare status categories were still well-represented across the 242 farms. Farms were then selected for telephone recruitment at random from within each of the 16 categories in a sequential fashion, to ensure that approximately equal numbers of farms were recruited from within the 16 categories. Farms that accepted the invitation to participate during the recruitment telephone call were recruited providing they met the following criteria: (i) intention to participate in the Milkbench+ Profitability Benchmarking Scheme in 2013 (ensuring farm profitability data for 2013 for a related study); (ii) participation in milk recording at least every 6 weeks (ensuring availability of detailed herd milk production, milk quality, and fertility data); and (iii) use of separate housing for milking cows and dry cows/pre-calving heifers (the on-farm welfare assessment protocol focused on milking cows only and this ensured that non-milking animals were not accidentally scored).

Incentives to encourage participation in the study comprised on-farm feedback of mobility scoring results, farm performance benchmarking with respect to a number of key welfare outcome measures, and an overall summary report of the project findings. Also, participants were assured that the farm visit would not impact on the daily routine of the farm.



Data Collection
 
Overview

All farm visits were conducted by the same assessor (SC) between mid-September 2013 and mid-April 2014. Where possible, visits coincided with the farms' winter housing period, and each visit was conducted over 2 consecutive days. The visits comprised two main phases: an on-farm welfare outcome assessment of the milking herd, and a farmer interview. The on-farm welfare assessment took ~12–14 h to complete across the 2 days, depending on herd size. The interview was then undertaken on Day 2, with the member of farm staff responsible for herd health management (the “farmer”), taking ~60 min. The farmer was asked about the farm's record-keeping, and the assessor took photographic or electronic copies of relevant and available herd health/welfare records for subsequent review. The farmer was also asked to read the study information sheet and sign the associated study consent form, as well as additional consent forms enabling subsequent access to the farm's milking recording data and British Cattle Movement Service records. The methods were approved by the Royal Veterinary College (RVC)'s ethics committee and data were held securely in line with the RVC's guidelines on data confidentiality and protection.



Developing the Welfare Outcome Assessment Protocol

Welfare outcome measures were selected and considered for inclusion using four sources. Firstly, we conducted a review of existing assessment protocols for dairy cows developed either by animal welfare scientists and/or industry (e.g., Capdeville and Veissier, 2001; Waiblinger et al., 2001; Whay et al., 2003a; Welfare Quality, 2009; AssureWel, 2015). Secondly, to develop and supplement the list of measures we conducted a consultation of expert opinion involving members of both the AHDB Dairy “Health, Welfare & Nutrition” Research Partnership Work Package on welfare assessment, and the RVC Farm Animal Health and Production Group, to gather opinions on key welfare outcome measures to include in the protocol. Thirdly, we conducted UK dairy farmer and cattle vet focus groups and questionnaire survey (Collins, 2016a) to identify the participants' preferences for different welfare outcome measures and their opinions on potential iceberg indicators of dairy cow welfare; and lastly, we conducted on-farm assessment trial sessions at the RVC farm, and a formal pilot study on four dairy farms (selected as a convenience sample) in March 2013.

The individual welfare outcome measures included in the protocol needed to be valid, reliable and feasible (Winckler et al., 2003), although this is yet to be established for many commonly used welfare measures (Knierim and Winckler, 2009). Priority was given to already standardized welfare outcome measures [e.g., those included in Welfare Quality (2009)] for which these criteria had already been evaluated (e.g., Forkman and Keeling, 2009; Knierim and Winckler, 2009). When selecting measures for which multiple standardized versions were available, preference was given to UK dairy industry recommended measures [e.g., the AHDB Dairy Mobility Score and AssureWel cleanliness, abrasions and swellings scores were selected over equivalent Welfare Quality® measures (AHDB Dairy, 2015b; AssureWel, 2015)]. This was so that the assessment results could be meaningfully compared with existing UK studies, and the data generated could be easily interpreted by participating farmers.



Welfare Outcome Measures

The final welfare outcome assessment protocol featured measures related to different aspects of dairy cow production, health, physical condition and behavior. Welfare outcome measures were assessed at the cow-, cow group- or herd-level using lactating cow groups, and then summarized at the herd-level. Supplementary Table 1 provides an overview of the structure and content of the protocol. Full details of the structure and content of the protocol—including exact assessment procedures, descriptions of case definitions (e.g., “lame,” “dirty,” “aggressive head-butt,” etc.) and detailed procedures for summarizing the data collected at the herd-level—are provided in Supplementary Table 2.

Unfortunately, the prevalence and/or incidence of the “health event” welfare outcomes referred to in Supplementary Tables 1, 2 (i.e., mastitis, lameness, dystocia, milk fever, retained fetal membranes, metritis/endometritis, and displaced abomasums) could not ultimately be calculated. This was because most farm records were found to be of insufficient quality or quantity to provide suitably robust data for analysis, and so these measures could not be included in our final welfare outcome dataset.



Intra-Observer Reliability of Welfare Outcome Scoring

To help to ensure a good level of intra-observer reliability, the assessor underwent official training to measure the welfare outcomes included, where this was available (e.g., for the Welfare Quality® measures and the AHDB Dairy Mobility Score). Additionally, the assessor practiced data collection during the pilot studies, and the intra-observer reliability of the assessor's scoring was then formally assessed.

To develop suitable intra-observer reliability tests, relevant photographs and/or video footage of cows were collected during the assessment trial sessions, pilot study, and first few farm visits. Tests were successfully developed for individual qualitative descriptors (QDs), time taken to lie down, collisions during lying down, the continuous behavior sampling measures, mobility, body condition, cleanliness, abrasions, swellings, ocular discharge, nasal discharge, vulval discharge, diarrhea, injured tails, and cows lying incorrectly. Hampered respiration, chase-ups of lying cows, fighting bouts, or chasing bouts could not be included because they were too infrequent to capture on film. The response to assessor was also excluded because it was difficult to replicate using photographs/video footage. The developed agreement tests were undertaken at the beginning, middle, and end of the farm visit period and the results obtained at the three different time points were statistically compared.




Statistical Analysis
 
Investigating the Pairwise Relationships Between the Different Welfare Outcome Measures

All statistical analyses were completed using IBM SPSS Statistics v.22 and a type I error rate of 0.05 was used in all statistical tests. Pairwise analysis was important for identifying the degrees to which outcomes were correlated in an initial exploratory analysis, related to finding outcomes that were highly predictive of other outcomes. Pairwise relationships between continuous welfare outcome measures were investigated using correlations. Pearson's correlation tests were used when both measures were normally distributed. Where data were not normally distributed, natural logarithm or square root transformations were applied in an attempt to achieve normal distribution. Negatively skewed data were reversed prior to this. Variables with excessive zeros could not be transformed to achieve normal distribution.

Spearman's rank correlations were used when one or both of the measures could not be transformed to achieve normal distribution. The relationship between the various continuous welfare outcome measures and response to assessor (the only categorical welfare outcome measure in the protocol) was investigated using logistic regression. No correction was made to the p values to adjust for multiple testing, due to the exploratory nature of these various pairwise analyses (Bender and Lange, 2001).



Determining Herd Overall Welfare Status

To investigate whether any individual welfare outcome measures could predict the overall welfare status of herds, it was first necessary to develop a method for determining as closely as possible the herds' overall welfare status. Instead of condensing measures using specific “aggregation rules” informed mainly by expert opinion as in previous studies (e.g., Bracke et al., 2002; Botreau et al., 2008, 2009; Calamari and Bertoni, 2009), we attempted to aggregate measures into a composite overall welfare scale on the basis of their observed inter-relationships using PCA.

As PCA cannot be undertaken on variables with a lot of missing data or with low variance, such measures were excluded. These were QD distressed, frustrated and bored, mean number of chase ups, chasing bouts and fighting bouts per cow/hour, mean time to lie down, % collisions during lying down, all of the automatically recorded lying behavior measures, % cows dull and depressed, all of the substantial swelling measures except % cows with substantial swelling on the hind leg, % cows with lesions on the udder, % cows with diarrhea, % cows with hampered respiration, all of the milk recording measures, and all of the mortality measures. Also, due to multi-collinearity, in any identified ≥0.9 pairwise correlation the variable with the smallest number of correlations with other measures was excluded. This was particularly important for outcomes comprising several similar welfare measures, such as several alternative measures of cleanliness. Thus, all closely related alternative measures were removed before conducting the PCA (Field, 2013).

Principal components with eigenvalues of ≥1 were reviewed and interpreted on the basis of the various measures' factor loadings. Factor loadings of ≥0.4 were used as a threshold to indicate a meaningful association. In line with similar existing studies (e.g., Veissier et al., 2004; Van Reenen et al., 2005) the first principal component, which accounts for the most variance within a given dataset, was taken forward as our measure of the composite welfare scale (being the largest single aggregate measure of the originally submitted variables).

To avoid the circularity of investigating relationships between each individual measure and a composite scale within which it was nested (Heath et al., 2014a), multiple composite welfare scales were generated using the PCA method described, each time excluding the welfare outcome measure to be tested against it. In instances where there were multiple versions of the same measure (e.g., dirty and very dirty, or lame and very lame) all versions were excluded. This allowed us to test the extent to which each individual measure could predict the composite welfare scale as summarized by all other variables (e.g., “does the percentage of lame cows correlate with the composite welfare scale when the percentage of lame cows has been excluded from that composite scale?”).

Intra-class correlation coefficients were used to test the level of agreement between the various newly generated composite welfare scales and the original composite welfare scale to investigate any likely reduction in validity resulting from the systematic exclusion approach. Correlation between these scales was found to be statistically significant and very high (correlation coefficient >0.9) in every case (p < 0.001). Therefore, we proceeded to test individual variables against their own complementary composite PCA scales as proxy measures of herd overall welfare status.



Identifying Iceberg Indicators of Dairy Herd Welfare

Linear regression analysis was used to investigate whether any of the individual welfare outcome measures could predict herd overall welfare status (i.e., the measures' respective composite welfare scale). Measures excluded from the original PCA (e.g., due to missing data or multicollinearity) were compared with the original composite welfare scale. In addition, a separate PCA was undertaken on the 20 QD terms included in the protocol which produced (three) summary measures of the QBA (labeled, on the basis of factor loadings, herd “contentedness,” “agitation,” and “sociability”). Relationships between each of these three QBA principal components and their respective complementary composite welfare scales were also investigated using separate linear regressions. This additional PCA was conducted because QDs are not advised to be used independently of each other (e.g., Welfare Quality, 2009), whereas we also needed to test the descriptors independently in this exploratory study, because of our aim being to investigate whether any of the measures, including any QDs, could be removed.

Finally, all individual measures that were significantly associated with their complementary composite welfare scale were taken forward to a second stage of analysis of herd welfare status categories. This was necessary because, in applied contexts such as welfare assurance labeling schemes for consumers, welfare is summarized as categories [e.g., poor, acceptable, enhanced, or excellent (Welfare Quality, 2009)], rather than on a continuum (Webster et al., 2004; Honey, 2013). This second stage therefore investigated the ability of the individual welfare outcome measures to predict herd welfare categories that were created from the composite welfare scales. To do this, farms were categorized into quartiles on the composite welfare scales, creating four potential categories of overall “welfare status.” Mirroring this, farms were also categorized into quartiles for each significant individual welfare outcome measure. Agreement between the quartile allocations of each individual measure versus quartiles of the complementary welfare scale was assessed using predictive accuracy (% farms correctly classified), Cohen's Kappa statistic and Kendall's coefficient of concordance. This allowed us to test the extent to which farm categories that were created using each individual measure would match the farm categories that were created using the complementary welfare scales. Perfect agreement would indicate that the allocation of farms into quartiles according to an individual measure exactly matched the quartile allocation for the complementary welfare scale. Once again, due to the exploratory nature of the regression and agreement analyses used to explore the iceberg indicator question, no correction was made to the p values to adjust for multiplicity (Bender and Lange, 2001).





RESULTS


Description of Farm Sample

In total 52 farms (each with a single herd) were recruited into the study. This was the number of farms practically possible to visit within the study period. One farm withdrew its participation before its visit and, therefore, the cross-sectional study was undertaken on a total of 51 farms. The median milking herd size of the farms was 180 cows (IQR = 84; min. = 57; max. = 1,545). Median days in milk ranged between 25 and 252 across the different herds (median = 179; IQR = 60), and the mean 305 day milk yield/cow was 8,290.9 L (SD = 1,622.7; min. = 4,742.3; max. = 11,608.1). Median milking cow parity was 2 (IQR = 1–3). Descriptive statistics for key categorical farm management variables for the final 51 farms assessed are displayed in Table 1. Most farms had Holstein Friesian or Holstein cows. Most farms had all-year-round calving, and cubicle housing systems, and most milked twice daily using a non-robotic system. The median number of days at grass during 2013 was 193.5 days (IQR = 82.3; min. = 0.0; max. = 294.0).


Table 1. Descriptive statistics for the categorical farm management variables for the 51 cross-sectional study farms.
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Welfare Outcome Measure Descriptive Statistics

Descriptive statistics for the final 96 behavior-based, health and physical condition-based and records-based welfare outcome measures are displayed in Supplementary Table 3. The QDs receiving the highest visual analog scale (VAS) scores across farms were “relaxed,” “calm,” “positively occupied,” and “content.” The median herd mean for percentage cows feeding was 33.0%, and of ruminating was 27.4%. The median herd mean of cows lying down was 41.9%, and they lay down for a median herd mean of 10.5 h/day; only 0.1% lay incorrectly, but 23.9% of those observed lying down collided with housing equipment. A median of 1.2 agonistic episodes were seen per cow/h, whilst 0.2 equivalent episodes of social licking were seen. A median of 22.2% of cows per herd were lame, and 5.7% very lame. A median of 26.5% of cows/herd had nasal discharge, and a median of 18.6% had high somatic cell counts on their most recent test day. The median mortality was 5.3–6% cows/herd dying on farm, depending on the year. During the response to assessor test, 72.3% of herds were assessed as “calm/relaxed,” and 27.7% were assessed as “nervous/wary.”

The variation observed in welfare performance across the 51 farms depends on the individual welfare outcome measure in question. For example, the % of cows with swellings on their hind legs varied by 53.1% (0 – 53.1%) across the different herds, whereas the cows with swellings on their udders varied by just 4.2% (0 – 4.2%). As noted previously some welfare outcomes were rare, with many zeros. For example, at least 75% of the farms received scores of zero for 17 of the 96 welfare outcome measures (QD fearful, frustrated, bored and distressed; mean no. of fighting and chasing bouts per cow/h; % cows with diarrhea, hampered respiration or swelling on their udder; % cows with lesions on their udder, head/neck/shoulders and foreleg; and % cows with substantial swelling on the five body areas investigated).



Intra-observer Reliability

Intra-observer reliability was very good for all of the categorical welfare outcome measures tested (Supplementary Tables 4, 5). Cohen's Kappa values of >0.60 [indicating “substantial” agreement (Landis and Koch, 1977)], and Kendall's coefficient of concordance values of >0.70 [indicating “strong” agreement (Schmidt, 1997)] were consistently achieved across all three timepoints, for all measures. Intra-observer reliability was also good for the continuous welfare outcome measures tested. Intra class correlation coefficients of >0.40 (indicating “fair” reliability; Cicchetti, 1994) were consistently observed for all measures, with the exception of “QD happy” (which was weaker: coefficient = 0.17–0.44). Furthermore, for most comparisons, coefficients of >0.75 (indicating a “good” level of reliability) were achieved. It must be noted, however, that agreement was not always statistically significant for a number of the QD measures; the lack of significance could be because these agreement tests were based on only five observations due to little suitable video footage, whereas the tests for the other measures were based on between 18 and 60 observations.



Pairwise Associations Between Individual Welfare Outcome Measures

Each of the 95 continuous welfare outcome measures was significantly correlated with at least one other measure. Most significant correlations were at best only “moderate” in strength i.e., 0.4 to 0.7 (Martin and Bateson, 2007). Only 12 correlations were “high” strength (≥0.7 to <0.9) and only five “very high” strength (≥0.9), and these generally comprised pairs of measures that captured aspects of the same welfare outcome (e.g., “dirty” and “very dirty” hindquarters; Table 2).


Table 2. Very high and high pairwise correlations detected between the 95 continuous welfare outcome measures.
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The percentage of lame cows significantly correlated with the largest number of other measures (33), whereas both “mean number of chases/cow/hour” and “percentage heifer calves died on-farm 2012” significantly correlated with the fewest measures (one each). Supplementary Table 6 displays the welfare outcome measures that were at least moderately correlated with 10 or more other measures for information.

Finally, there were also significant pairwise relationships between four of the 95 continuous welfare outcome measures and the herds' response to assessor, which was recorded as the proportion of cows “calm/relaxed” vs. “nervous/wary” (0 vs. 1, respectively). These were “SD no. of lying bouts/day” (Coeff+/−S.E = 1.2+/−0.4; p = 0.016), “Percentage cows with low protein on first/second MR test day postpartum” (16.3+/−6.6; p = 0.019), age at first calving (60.7+/−20.2; p = 0.005), and age at second calving log10 (0.03+/−0.01; p = 0.004).



Determining Herd Overall Welfare Status

The PCA to create the overall welfare outcome scale reduced the 56 welfare outcome measures that could be included into 17 principal components, which together explained 85.3% of the variance in the dataset. Some missing data were tolerated within the dataset, but this meant that principal component scores could only be generated for 41 of the 51 farms. The first principal component (PC 1) explained 16.9% of the variance. Table 3 summarizes the 23 welfare outcome measures which had factor loadings of >0.4 for PC 1. On the basis of these factor loadings, it can be interpreted that farms with higher positive scores for PC 1 had a poorer welfare status. For example, they received lower QD happy and QD content scores and higher scores for QD apathetic and QD uneasy, and had higher percentages of dirty and lame cows. Overall, given both the breadth and strong welfare relevance of the 23 individual welfare outcomes measures with factor loadings of >0.4 for PC 1, this principal component was deemed a suitable proxy measure of herd welfare status for the purposes of the iceberg indicator analyses. Beyond PC 1, the other principal components were more difficult to interpret and less obviously relevant to welfare (Collins, 2016b). The decrease in their explanatory value upon examining the scree plot was fairly gradual rather than there being a clear step change, meaning there was no obvious “top” set of principal components to consider as the most important. Thus, despite the fairly low percentage of variance that PC 1 explained on its own, it was taken forward as the relevant composite welfare scale against which potential iceberg indicator measures could be tested.


Table 3. The 23 welfare outcome measures with factor loadings >0.4 for principal component 1.
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Identifying Iceberg Indicators of Dairy Herd Welfare

Linear regressions revealed that 22 of the 96 welfare outcome measures were significantly associated with their respective composite welfare scales (Table 4). Most correlated in the expected direction; that is, most measures of poor welfare (e.g., dirty udders and coughs) correlated positively with the composite welfare scale, and most measures of good welfare (e.g., QD happy and QD content) correlated negatively. Although percentage cows ruminating, QD relaxed and QD calm appear to be exceptions, this was an artifact resulting from these variables being reversed during statistical transformation to correct for skewness.


Table 4. Simple linear regression model results of the significant relationships between the individual welfare outcome measures and their respective composite welfare scales.

[image: Table 4]

Table 4 shows that most correlations were with measures that had high loading onto PC 1, but a further five measures that could not be included in the PCA were also among those correlating with the composite welfare scale (these were: percentage cows dull and depressed, QD calm, percentage cows with hind leg swelling, percentage cows with low protein at the first or second MR test day postpartum, and the QBA “contentedness” principal component). Conversely, seven measures that had high loading on the composite welfare scale, did not show significant correlations with their respective composite welfare scales (these were: percentage cows with very dirty udders, percentage cows with dirty and very dirty hindlegs, QD apathetic, QD indifferent, QD lively, and QD friendly).

When the above 22 welfare outcomes were tested for their ability to predict composite welfare categories (i.e., each herd's quartile allocation), absolute agreement was at best only reasonable (Table 5). Most measures correctly classified <50% of the farms. Kappa statistics were often <0.2 [which indicates only “slight” agreement (Landis and Koch, 1977)]. Agreement on the basis of Kendall's coefficient of concordance, which accounts for the magnitude of any misclassifications, was often >0.7 indicating “strong” agreement (Schmidt, 1997). Overall, QD calm, QD happy and percentage of lame cows achieved the greatest level of agreement with their respective composite welfare categories. These all had Kendall's coefficients of concordance >0.7, and were the only measures to correctly classify (just) over 50% of farms and to obtain Cohen's Kappa statistics approaching >0.4 (the threshold indicating at least “moderate” agreement).


Table 5. The relative performance of welfare outcome measures in predicting their respective composite welfare categories.
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DISCUSSION

In this study, two different and complementary methods have been explored in an attempt to increase the feasibility of a comprehensive animal welfare outcome assessment used on UK dairy farms. The welfare outcome assessment protocol showed “good” to “very good” intra-observer reliability for almost all the measures that could be tested, and the large numbers of apparently biologically meaningful correlations between measures suggests the protocol had good internal validity. However, the findings suggest limited capacity for effectively reducing the numbers of welfare outcomes included within this two-day assessment, for reasons that will be discussed separately for the two approaches below.

The study sample can be considered suitably representative of the wider UK dairy farm population with respect to farm management. In line with the wider population, most farms in the study had Holstein-Friesian or Holstein cows as their predominant breed, housed their cows in cubicles, and calved all-year-round. Median herd size (180 cows) and mean 305 day milk yield/cow/year (8,290.9 L) were broadly similar to, but slightly higher than, the UK averages at the time [herd size: 126; milk yield: 7,535 L (AHDB Dairy, 2015a)]. With respect to welfare performance, both the median and range of percentage lame cows are broadly in line with recent UK prevalence estimates (Griffiths et al., 2018; Randall et al., 2019).


Pairwise Associations Between Individual Welfare Outcome Measures

As with previous literature (Mülleder et al., 2007; Mullan et al., 2009b; de Vries et al., 2013a), the results of the pairwise correlations reveal relatively little scope for reducing the number of welfare outcome measures included in assessment protocols for UK dairy herds. This is because, although many significant associations existed between measures, these associations were generally relatively weak. Just 17 high or very high associations were found between measures of the same “type” (e.g., QD relaxed vs. QD calm, median calving interval vs. median calving to conception interval and % cows with dirty udders vs. % cows with very dirty hindquarters), similar to previous work (de Vries et al., 2013a). In these cases, replacing one of these measures with the other would be possible, but would generally have little or no impact on assessment implementation time. For example, the Welfare Quality® observation time for QBA is 20 min regardless of how many QD terms are used. From our results, there is no obvious welfare outcome measure that could be excluded on the basis of high pairwise associations to enable meaningful time-saving and increased efficiency.

It is perhaps not surprising to primarily find pairwise associations of only relatively limited strength. Firstly, relationships between measures are often not causal in nature. Instead welfare compromises, such as lameness, poor body condition, or abnormal behavior, generally have very complex multifactorial etiologies whereby they are influenced over time by multiple different (interacting) risk factors (e.g., Espejo and Endres, 2007; Dippel et al., 2009). Secondly, and fundamentally, welfare outcome measures are indirect manifestations of the subjective, multidimensional welfare experience of animals (e.g., Mason and Mendl, 1993; Duncan, 2005). They may differ in terms of their validity and the extent to which they represent particular dimensions of welfare (Rushen and Passillé, 1992; Botreau et al., 2007a). However, it is reassuring that the correlations were generally biologically plausible and meaningful in terms of their direction of correlation being consistent with either good or poor welfare (Supplementary Table 6), suggesting validity of the welfare assessment protocol.



Identifying Iceberg Indicators of Dairy Herd Welfare

Our results show that significant associations did exist between 22 individual welfare outcome measures and composite welfare scales that we used to approximate herd overall welfare status (Table 4). On the basis of the methods used, the measures QD happy, QD calm, and percentage of lame cows were arguably the best performing predictors. It is encouraging that a combination of these three measures captured positive and negative dimensions of welfare. However, on their own each individual measure only correctly classified around 50% of farms.

It is unclear how much this level of performance is a consequence of the genuine predictive ability of the measures or the methods used to determine predictive ability. In the absence of a universal gold standard for welfare scale, there appears to be an unavoidable element of circularity within the identification process. That is, to determine whether individual welfare outcome measures can predict herd overall welfare status, we first need a gold standard measure of overall welfare status, and the most valid way to create this is by using welfare outcome measures themselves (Rushen and Passillé, 1992; Knierim and Winckler, 2009). Ideally, the measures used to determine the overall welfare status would be derived independently of the measures being tested, and yet they would still need to describe the same animals within the same situation (so that the underlying subjective welfare state would be consistent). We attempted to avoid the problem highlighted by Heath et al. (2014a) by testing the ability of each measure to predict an composite welfare summary measure that excluded itself. However, by definition, a measure with any predictive ability must be highly associated with variables comprising the summary scale. We removed predetermined cases of such circularity (e.g., when testing percentage lame cows, we removed not only that measure but also percentage of very lame cows from the summary PCA welfare component). Nevertheless, the pairwise associations show that many less obvious measures also correlated with certain individual measures (Supplementary Table 6). However, if we had removed all of these correlated variables from the complementary welfare scales, then, inevitably, the individual measure would no longer have shown much predictive ability. It is difficult to develop an approach to determine herd overall welfare status that does not rely on the measures that are also being tested as candidate iceberg indicators, because multiple measures are needed for a comprehensive assessment of multi-dimensional welfare (Botreau et al., 2007a,b).

If we accept the results provided by the method used in this study, it is noteworthy that several QD measures performed well in the analyses, whilst the QBA components did less well. Other studies to date have seemingly not explored QDs independently, because they are not intended for use alone, but the predictive value of QBA has been investigated. Heath et al. (2014a) found that the QBA component of the Welfare Quality protocol was reasonably good at predicting the assessment's overall classification result. Furthermore, de Vries et al. (2013a) found that non-QBA aspects of the Welfare Quality® protocol were moderately good at predicting farm performance with respect to QBA—in fact this was the best predicted aspect of the protocol. QBA has been described as a potentially highly “integrative” welfare assessment tool (Wemelsfelder et al., 2001), because it is intended to summarize all observed aspects of animal behavior and physical condition into terms describing the animals' subjective experience (Wemelsfelder, 2007). It also provides measures of positive welfare that are difficult to capture by other methods. However, Andreasen et al. (2013) found no relationship between QBA and herd overall welfare status (using the Welfare Quality® overall classification result), and other studies investigating relationships between QBA and other aspects of welfare are mixed (Heath et al., 2014a). Furthermore, questions exist around both the validity and reliability of QBA because it is so subjective (Wemelsfelder et al., 2000, 2001; Bokkers et al., 2012). In our study, QD happy was the only measure not to attain “fair” (or above) intra-observer reliability at all three timepoints, despite having amongst the best predictive ability. We cannot assume that the predictive value of the QD or QBA assessments would have been similar with another assessor, and perhaps the conflicting results in the aforementioned studies are due to inter-assessor variation. Inter-observer agreement regarding QDs and QBA is clearly an area for continued research, because QBA reliability has previously been found to be poor in some studies (Bokkers et al., 2012; Winckler, 2014). In order for any potential iceberg indicators to be of use in an applied setting, such as for legal or assurance purposes, they will need to display an appropriate level of intra- and inter-observer reliability. We would therefore recommend similar studies are attempted with different and a larger number of assessors, to investigate whether the present findings for QD calm and happy—as well as the other measures featured in our assessment protocol—can be replicated when other assessors are used.

It should also be noted that, in the present study, we treated the individual QD terms (such as QD calm and QD happy) as individual welfare outcome measures in their own right, alongside our PCA generated summary measures of QBA (“contentedness,” “sociability,” and “agitation”), in case any were found to be redundant. Existing work on the validation and reliability of the QBA approach has generally focused on the resulting PCA summary measures, rather than the individual descriptor terms themselves. Interestingly, our results do appear to suggest that the individual QD terms are able to capture welfare relevant information and, for the most part, provide fairly good levels of (intra) observer agreement. However, as suggested above, it will be important to ensure these findings can be replicated beyond the present study.

Lameness prevalence also performed well in our analyses. Lameness indicates pain (Whay et al., 2005), and is thus highly welfare relevant. It can be prevalent on UK farms (Barker et al., 2010) and, consequently, it is frequently cited as among the most important welfare measures for dairy cattle (Whay et al., 2003b). Consistent with our findings, de Vries et al. (2013a) found that non-lameness aspects of the Welfare Quality® protocol were moderately good at predicting the prevalence of (severely) lame cows—this was the second best predicted aspect of the protocol after QBA. Its predictive ability may be due to lameness having a multifactorial etiology, reflecting the general quality of farm management, environment and stockmanship (Dippel et al., 2009; Rutherford et al., 2009; Barker et al., 2010), and reflecting that pain thresholds are affected by mood (in humans and rodent models at least: Wiech and Tracey, 2009).

It is interesting to note that the findings of Sandgren et al. (2009) and Nyman et al. (2011), which described good predictive ability of welfare outcome measures related to mortality and fertility, were not replicated in our study. None of the mortality and fertility measures investigated here were significantly associated with their respective composite welfare scales (although they did show significant pairwise associations with certain other measures, e.g., Supplementary Table 6). Reasons for the discrepancy between studies are difficult to discern, as there were many differences in methods and sampling.

Other measures of welfare that are usually considered important and might have served as good iceberg indicators, including rumination, lying behavior, body condition, and vulval discharge (e.g., FAWC, 2009), did not perform especially well in this study. Body condition and vulval discharge varies considerably with lactation stage, but the farms in the present study exhibited a range of calving patterns and, therefore, herd stage of lactation was inconsistent across farms. Farms visited when cows were most “eligible” to have poor body condition/vulval discharge are likely to have more reliable estimates for these welfare outcomes than farms visited at a different time. In future, ideally measures of body condition/vulval discharge that take account of cow stage of lactation would be used, or, if this is not possible, the impact of stage of lactation could be investigated and possibly accounted for in the statistical analyses. Percentage of cows ruminating showed good predictive ability, but in an unexpected direction: higher percentages of cows ruminating significantly predicted measures of poorer welfare, whereas rumination is normally reduced with poor welfare conditions [e.g., metabolic disorders (Stangaferro et al., 2016a), severe metritis (Stangaferro et al., 2016c), and mastitis caused by E. coli (Stangaferro et al., 2016b), but seemingly not with lameness (Walker et al., 2008; Thorup et al., 2016)]. This unexpected finding might be an artifact of how we measured rumination, because the scan sampling section of the protocol started directly after morning feed delivery or return from milking. This means that cows were likely to be feeding at that time, rather than ruminating, and feeding and rumination were mutually exclusive behaviors (Schirmann et al., 2012). This is supported by the fact that % time spent ruminating correlated negatively with % time spent feeding (Supplementary Table 6), and greater % time spent feeding (in the hours following feed delivery) was significantly associated with better welfare on the composite welfare scale (Table 4). Farms are increasingly adopting rumination and activity monitoring, so continuous measures for both these will probably greatly assist further research in this area (Stangaferro et al., 2016a).



Method for Determining Herd Overall Welfare Status

The validity of the developed composite welfare scale(s) as a proxy for the herds' genuine overall welfare status was central to our attempts to identify iceberg indicators of dairy herd welfare. The use of PCA to aggregate measures based on their existing inter-relationships is a potentially more valid approach than, for example, the use of predetermined aggregation rules. There is currently very little scientific evidence on which to base such rules (e.g., relative weightings), so their use can lead to unexpected/unintentional aggregation results (de Vries et al., 2013a; Heath et al., 2014a; Buijs et al., 2016). Furthermore, the composite welfare scale provided a relatively comprehensive “overall” assessment of welfare because it incorporated a relatively large number of different measures (e.g., QBA of herd behavior, lameness, cleanliness, swellings, nasal discharge, coughing, rumination, and feeding behavior). However, some of the measures included in the PCA (e.g., abrasions and social behavior) were not well-represented by the composite welfare scale (PC 1). This does not necessarily mean that they did not help measure welfare and are therefore unimportant. On the contrary, they may be particularly important to retain within welfare assessment protocols precisely because they captured different aspects of welfare from the measures that loaded onto PC 1 (which after all did only explain 17% of the total variation). Aggregations via PCA are purely correlational and may not all be biologically meaningful, so whether using data derived weightings, theory driven weightings, or no weightings at all, any approach could have unintended consequences if it led to the wrong measures being retained or excluded. A third consideration about the validity of the PCA method for summarizing welfare is that some measures could not be included in the aggregation process, either because their data type was unsuitable for PCA (e.g., the milk recording data generated measures) or because they could not be collected in the first place (e.g., prevalence/incidence of mastitis, dystocia etc.). It is possible, therefore, that the composite welfare scale describes particular aspects of herd welfare as opposed to the herds' genuine overall welfare status. Ultimately, however, if welfare assessment protocols can be improved such that the individual measures are more suitable for inclusion within PCA, the developed composite welfare scale offers an alternative to predetermined aggregation methods, and is a promising proxy measure of herd overall welfare status.

Within this study we opted to use PC1 to create a measure of the overall herd welfare status, because it explained the most variation (albeit only 17%), and its loadings were consistent with an animal welfare interpretation. However, it is possible that other approaches could have been used to summarize the most important loadings on more than one principal component, although information might be lost through this selective method. Also, the precise method for unifying these loadings into a single value per farm could introduce the aforementioned difficulty of how variables from different components would need to be weighted.

We recommend that the validity of aggregation via PCA is further reviewed by investigating whether similar PCA results are achieved if the welfare outcome assessment protocol is repeated, for example, on different farms and/or if more welfare outcome measures are included in the analysis. Also, some of the measurement protocols should be reviewed to improve the likelihood of variables being suitable for inclusion within PCAs in future. For example, measurement protocols for variables that generated excessive zeros in this study, could be adjusted to lower the threshold for noting presence of the criterion being measured, or the timing of observations could be improved to better capture that measure.



Method for Identifying Iceberg Indicators of Dairy Herd Welfare

There are two potential limitations to converting farm welfare performance from a continuous scale into categories, approximating an applied rating (e.g., Welfare Quality, 2009). Firstly, the conversion will inevitably have resulted in a certain amount of information loss. That is, the use of four “welfare performance categories” provides less detail than the true variation in welfare performance observed across farms. Secondly, the (quartile value) thresholds used to determine farm category membership are arbitrary and specific to the farms sampled, rather than providing absolute standards. Some studies have since also used quartiles, although the authors did not distinguish all four quartiles, instead denoting the worst quartile as that indicating “poor” animal welfare on the farms falling within it, whilst the remaining three quartiles denoted “acceptable” animal welfare (e.g., de Vries et al., 2016; van Staaveren et al., 2017). If we had created only two categories, the kappa agreement ratings would almost certainly have been higher than they were (because there is less scope for error with fewer options). The use of four categories does serve to describe the farms' relative welfare performance more appropriately overall (farms in the first category did perform differently from farms in the fourth category), but the precise thresholds may not have been meaningful in terms of distinguishing “poor,” “acceptable,” “good,” or “excellent” animal welfare. Choice of threshold does influence how well different measures perform (Sandgren et al., 2009), so the relative predictive ability of the different measures could change if different thresholds were used. A challenge, however, will be identifying the most appropriate thresholds for benchmarking (Mendl, 1991; Botreau et al., 2007a).

In this study, we used agreement statistics to test the predictive ability of each individual outcome measure with regards to the farm welfare categories, but other approaches could be used. For example, discriminant analysis could have been used to identify important outcomes loading onto the quartiles identified by PCA (Presi and Reist, 2011). The results would still have been affected by where the category thresholds were defined, but discriminant analysis could be an efficient approach for future studies.




CONCLUSION

Overall, we found a large number of associations between the different welfare outcome measures included in our assessment protocol. However, most pairwise associations were weak to moderate, and existed between highly related measures, so there appears to be relatively little scope for excluding individual measures from assessment protocols based on their pairwise relationships. Linear regression analysis revealed that 22 measures were significantly associated with their respective composite welfare scale. Subsequent analysis of their ability to predict the quartile classification of herds revealed that, of these, QD calm, QD happy and percentage of lame cows were the best performing measures, although their predictive ability was only moderately good. These measures may therefore be regarded as potential iceberg indicators capturing both positive and negative aspects of dairy herd welfare. Further research using the same methodological approach with a new sample of farms, multiple assessors to investigate inter-observer reliability, and improvement of certain individual welfare outcome measures is needed to test the external validity of the statistical methods used, and to confirm or refute our findings.

Until valid and reliable approaches that reduce the time required to perform effective welfare assessments are developed, it remains necessary to complete full welfare assessments, ensuring that animal welfare issues are not missed and appropriate standards are recognized.
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QD calm REV SORT 512 035 081"
QD positively occupied 366 0.15* 079"
Mean % cows ruminating M5 022+ 079"
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% lame cows 537 038 076"
% cows with swelling rest of body 366 0.16* 075"
% cows with dirty udders log'® M5 022 071*
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% cows with very dirty hindquarters 39.0 0.19* 070"
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QBA PC “contentedness” 39.0 0.19* 0.68
% very lame cows log'® 366 0.15* 068
QD active 463 028" 0.67
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second MR test day postpartum
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% cows dull and depressed 368 0.16* 0.63
% cows with very dirty hind legs 34.1 0.12 0.62
SQRT
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Welfere outcome measures are amanged in descending order of Kendells coeffcient
of concordance.

QBA, qualtative behavior assessment; QD, qualtative descriptor; PC, principal
component; SQRT, square root transformed; log'®, natural logarithm transformed; REV,
versed prior to transformation.

*p < 0,001, **p < 0.01, *p < 0.05.
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component; SQRT, square root transformed; log'®, natural logarithm transformed; REV,
reversed prior to transformation.
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Variable Category % of farms

Predominant cow breed  Holstein Friesian 412
Holstein 333
Friesian 98
Cross bred or mixed breeds 98
Jersey 39
Brown Swiss 20
Missing 00
Milking cow housing!  Cubicles (24 h/dlay) 56.9
Mixed 17.8
Cubicles and straw yards (24 h/day) 137
Straw yard (24 h/day) 78
Pasture (24 h/day) 39
Missing 00
Calving pattern All-year-round caling 549
Multi-block calving 19.6
Autumn calving 8.7
Spring calving 78
Other 39
Missing 00
Milking system Non-robotic 882
Robotic 1.8
Missing 00
Miking frequency 2 x day 911
3 x day 89
Missing 00

Date are arranged in descending order of prevalence for each variable.

" 4t the time of the farm vsit (exclucing cow groups representing <10% of herd).
*Either some cow groups were at pasture/housed or cow groups were at pasture during
the day and housed during the night.
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QBA PC “contentedness”
QBA PC “contentedness”
QBA PC “contentedness”
QBA PC “contentedness”
QD calm

QD relaxed

QD content

Al correlations were significant at p < 0.001.
QBA, qualtative behavior assessment; QD, qualtative descriptor; PC, principal
component; MR, mikk recording; SCC, somatic cell count.

Veriable A and Variable B are arbitrary labels and could be interchanged between variables

within a pair
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Median calving to conception
interval
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Mean no. of gentle head
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QD calm
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QD content
QD happy
QD relaxed
QD calm
QD content
QD content
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