
1 

Title 1 

Use of bootstrapped, regularised regression to identify factors associated with lamb-derived 2 

revenue on commercial sheep farms 3 

 4 

Author names and affiliations 5 

Eliana Limaa, Martin Greena, Fiona Lovatta, Peers Daviesa,b, Lis Kingc, Jasmeet Kalera. 6 

 7 

a School of Veterinary Medicine and Science, University of Nottingham, Sutton Bonington 8 

Campus, Leicestershire, United Kingdom 9 

b Department of Epidemiology and Population Health, Institute of Infection and Global 10 

Health, University of Liverpool, Liverpool, United Kingdom 11 

cAgriculture and Horticulture Development Board , Stoneleigh Park , Kenilworth , United 12 

Kingdom 13 

 14 

Corresponding author 15 

Jasmeet Kaler 16 

E-mail: jasmeet.kaler@nottingham.ac.uk 17 

School of Veterinary Medicine and Science, University of Nottingham, Sutton Bonington 18 

Campus, Leicestershire, LE12 5RD, United Kingdom  19 

Tel +44 115 951 6116 20 

 21 

 22 

  23 



2 

Abstract 24 

The profitability of UK sheep farms is variable with many farms making a net loss. For 25 

economic sustainability, farms have to be profitable, therefore it is important to maximise 26 

income whilst controlling costs. The most important source of income in sheep flocks is from 27 

lamb production but there is little information on factors that explain variability between 28 

farms in revenue from lamb sales. The aim of this research was to identify farm, farmer and 29 

management factors likely to have the largest, most reliable associations with lamb-derived 30 

revenue. 31 

From a population of 830 sheep farms, 408 farmers completed an online questionnaire 32 

comprising over 300 variables. Total lamb-derived revenue was calculated for each farm 33 

using abattoir information including carcass classification. The median flock size was 560 34 

ewes, median land size 265 acres, median revenue per acre from lambs sold was £197 35 

(IQR=120-296) and median revenue per ewe £95 (IQR=72-123). A robust analytic approach 36 

using regularised (elastic net) regression with bootstrapping was implemented to account for 37 

multicollinearity in the data and to reduce the likelihood of model over-fitting. To provide 38 

model inference and allow ranking of variables in terms of relevance, covariate stability and 39 

coefficient distributions were evaluated.    40 

Factors with high stability and relatively large positive associations with revenue per acre were 41 

(median effect size (£); 95% bootstrap probability interval); an increased stocking rate of 0.2 42 

ewe/acre (13; 6-17), fertilizer being used on most of the grazing land (18; 0.1-37), the use of 43 

rotational grazing (13; 0.3-34), decreased proportion of ewes with prolapses (4; 0.3-9), 44 

separation of lame sheep from the rest of the flock (16; 0.9 – 37), selecting ewes for culling 45 

based on prolapses (20; 0.2-55) and infertility (20; 2-46), conducting body condition scoring 46 

of ewes at lambing (28; 3-58), early lactation (21; 1-54) or weaning (25; 2-70), increased farmer 47 

education (20; 2-54) and farmers with a positive business attitude (15; 0.2-38). Additional 48 
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factors with a high stability and relatively large associations with increased revenue per ewe 49 

were; never trimming diseased feet of lame ewes (9; 0.8-22) and making use of farm records 50 

(5; 0.3-12). 51 

This is the first study in animal health epidemiology to use bootstrapped regularised regression 52 

to evaluate a wide dataset to provide a ranking of the importance of explanatory covariates. We 53 

conclude that the relatively small set of variables identified, with a potentially large influence 54 

on lamb-derived revenue, should be considered prime candidates for future intervention 55 

studies.   56 

  57 

Keywords 58 

Sheep; production; risk factor; elastic net; regularised regression; bootstrap stability 59 

   60 

1. Introduction 61 

Concerns remain regarding the sustainability of red meat production in a world with growing 62 

demand for food of animal origin (Delgado et al., 1999; Poore and Nemecek, 2018; Tilman et 63 

al., 2002) and it is increasingly recognised that farming systems need to be sustainable. 64 

Sustainability is commonly considered to comprise three overarching pillars with 65 

environmental, social and economic components (Adams, 2006). Whilst environmental and 66 

social sustainability are also of the utmost importance, farms also require economic 67 

sustainability, that is, to trade profitably over the long term.  68 

To ensure economic sustainability, successful farmers commonly adopt risk mitigation 69 

practices. These may include low debt to asset ratios, diversification and taking time to 70 

understand market forces. Remaining economically viable over the long term depends on 71 

regularly having sufficient income to cover both fixed and variable costs and for UK sheep 72 

farms, it is reported that net margins are tight  (AHDB, 2016). It is therefore critical to 73 
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maximise income whilst controlling costs and the most important source of income in sheep 74 

flocks is that derived from lamb production (AHDB, 2016). Although many factors are likely 75 

to influence the magnitude and efficiency of lamb production few studies have identified 76 

factors associated with between-farm differences. Such information would be of substantial 77 

benefit to the industry; it could lead to more efficient production, increased revenue and 78 

therefore enhanced sustainability of the sheep sector.  79 

Previous reports from experimental studies have identified individual factors that impact on 80 

flock productivity, including genetics (Walkom et al., 2016), nutrition (Fraser et al., 2004), 81 

disease (Green et al., 1998), and reproduction (Kelly and Johnstone, 1982). However, from 82 

such studies it is virtually impossible to identify the relative importance of different factors; 83 

this is key for making improved on-farm decisions. A small number of field studies have 84 

identified a limited number of factors that influence productivity such as stocking rates 85 

(Bohan et al., 2018), farming a greater ratio of cattle to sheep (Townsley and Parker, 1987) 86 

and indoor lambing (Doré et al., 1987). However, many drivers of productivity on sheep 87 

farms remain unexplored. One recent study of British sheep farms used a more holistic set of 88 

variables to evaluate associations between disease prevention strategies and the number of 89 

lambs produced (Lima et al., 2019). This study reported that vaccination/anthelmintic 90 

strategies, regular weighing of lambs, treating individual lame ewes with an antibiotic 91 

injection, and carrying out faecal eggs counts were all associated with increased lamb 92 

numbers but the model only explained 26% of total variability indicating that additional 93 

factors need to be identified to elucidate this unexplained variation. 94 

Although it appears necessary to widen the search for factors that influence lamb production, 95 

when investigating a large number of possible explanatory variables, statistical model 96 

construction becomes challenging. Multiple correlations between individual or subsets of 97 

variables become more likely and under these circumstances it is known that conventional 98 
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least squares modelling approaches tend to fail, resulting in inflated coefficients and over 99 

fitting (Hastie et al., 2015; Kuhn and Johnson, 2013).  Furthermore, as the number of 100 

predictors (p) approaches or is greater than the number of subjects (n), parameter estimates 101 

may again become unreliable or impossible to make (Hastie et al., 2015; Kuhn and Johnson, 102 

2013). Regularised regression methods can be used to mitigate these limitations and are 103 

particularly useful where multiple correlations are present in data or where p~n or p>>n 104 

(Tibshirani, 1996; Zou and Hastie, 2005). In brief, these methods contain parameters to 105 

penalise model coefficients which means coefficients only become large if there is a 106 

proportional improvement in model fit (generally assessed by cross validation error) (Kuhn 107 

and Johnson, 2013). The bootstrap is a useful addition to regression modelling, particularly to 108 

provide robust coefficient estimates (Breiman, 1996; Dallah, 2012) and allow evaluation of 109 

coefficient stability (Austin and Tu, 2004; Hastie et al., 2015).   110 

The aim of this study was to identify influential factors from a large number of explanatory 111 

variables that were likely to have the largest, most reliable associations with lamb-derived 112 

revenue on sheep farms.  To achieve this we implemented bootstrapped, regularised 113 

regression (via the elastic net (Zou and Hastie, 2005)) that incorporated both variable stability 114 

(an estimate of the likely reproducibility of the effect of each variable in the target 115 

population) as well as variable coefficient distributions. We believe this is the first use of 116 

such methodology in animal health and production research. 117 

 118 

 119 

2. Materials and Methods 120 

The study was approved by School of Veterinary Medicine and Science Ethics Committee 121 

(no: 1537 150907). 122 

 123 

2.1. Target population  124 
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The target population was commercial sheep farms with ≥50 breeding ewes that supplied 125 

homebred, finished lambs to a British retailer through two specified abattoirs (n=830). All 126 

farms within the target population were asked to participate by filling in an online 127 

questionnaire and by providing permission for the researchers to obtain details of their lamb 128 

sales directly from an abattoir.   129 

 130 

2.2. Questionnaire design 131 

A questionnaire was developed based on a review of literature. The purpose was to capture a 132 

large variety of relevant farm and farmer demographic features and management processes 133 

and decisions that could impact lamb production. The questionnaire related to practices 134 

implemented between autumn 2016 and autumn 2017.  The wording of the questions was 135 

formulated according to the guidelines described by Dillman et al. (2009) and questions were 136 

mostly formulated in a close-ended format. The visual aspects of the questionnaire were 137 

curated according to the visual presentation guidelines from (Dillman et al., 2009) in order to 138 

improve the user experience and increase question response rate. The full questionnaire is 139 

available in Supplementary Materials, an outline of questionnaire themes is provided below. 140 

 141 

2.2.1 Farm characteristics 142 

This section comprised general information about the enterprise including farming system as 143 

applicable between autumn 2016 and autumn 2017. It included questions on flock size, breed, 144 

type of lambing (indoor/outdoor), area available for grazing, farm altitude (lowland, upland 145 

or hill), main farm income streams (e.g. lambs sold for meat production or breeding) and non-146 

sheep related income streams.  147 

 148 

2.2.2 Farmer demographic characteristics  149 
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Demographic features such as age, gender and education level of the farmer were included in 150 

this section.  151 

2.2.3 Grassland and nutritional management 152 

This section incorporated questions on the type of pasture (permanent/reseeded), type of 153 

grazing (set stock/ rotational), type of feed available at key stages of the production cycle 154 

(e.g. mating, late pregnancy, lactation), use of fertilisers and amounts of concentrate feed 155 

used. 156 

2.2.4 Practices at lambing time 157 

Information collected included the month of the year in which lambing started, duration of 158 

the lambing period, the number of lambing groups, types of records collected and the number 159 

of lambs weaned.  160 

2.2.5 Flock health and disease control practices 161 

Questions were developed to identify actions taken to control or prevent specific diseases 162 

including coccidiosis, sheep scab, liver fluke, intestinal endoparasites and clostridial diseases. 163 

Estimates were requested of annual disease prevalence for adult ewes (e.g. mastitis, lameness, 164 

vaginal prolapses) and lambs (e.g. watery mouth, bacterial arthritis). 165 

2.2.6 Record keeping practices and animal selection criteria 166 

These questions focused on whether specific records were kept (e.g. pregnancy scanning 167 

figures, number of abortions, numbers of lambs born alive) and which data were used for 168 

selecting animals for sale, breeding and culling.  169 

2.2.7 Animal production data (lamb sales) 170 

Information was collected on the number of lambs the farmer sold as ‘stores’ (lambs sold to 171 

be reared elsewhere for slaughter) and as breeding stock. This information was included in 172 

the calculation of the metric for flock productivity (Section 2.5). 173 
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2.2.8 Farmer managerial beliefs 174 

Based on concepts from previous research and adapted from the work of Mäkinen (2013), 175 

Willock et al., (1999) and Nuthall (2001), farmer managerial beliefs were included as twenty 176 

statements to capture on the respondents’ attitudes towards areas of farm management. The 177 

purpose was to identify constructs previously defined as “entrepreneurial orientation”, 178 

“strategic thinking”, “appreciation of profession” and “locus of control”. Farmers were asked 179 

to describe their attitudes towards specific aspects of farm management that reflected these 180 

traits, using a 5-point Likert scale (1 = strongly disagree, 2 = disagree, 3 = neutral, 4 = agree, 181 

5 = strongly agree. The full set of statements and related managerial beliefs are provided in 182 

Supplementary Materials Table I.  183 

Latent class analysis was conducted using multivariate normal mixture models (Fraley and 184 

Raftery, 2002) to identify groups of farmers with similar managerial attitudes. Latent class 185 

models were fitted using the R-package “mclust”  (Scrucca et al., 2016), the number of 186 

classes selected was based on maximising the Bayesian Information Criterion (Fraley and 187 

Raftery, 2002). The latent class attributed to each farmer was used as an explanatory 188 

covariate for subsequent modelling of lamb-derived revenue. Non-respondents (n=74) were 189 

allocated to an “undefined” class to avoid missing data in the final dataset. 190 

 191 

2.3. Piloting and distribution of the questionnaire 192 

The questionnaire was pilot-tested with 12 sheep farmers and improvements made to the text. 193 

It was estimated that the final version of the questionnaire would take approximately 40 194 

minutes to complete.  Farmers in the target population were contacted by the two 195 

participating abattoirs through which they sold lambs and asked to join the study. The 196 

questionnaire was made available in a specialised platform designed for online surveys 197 

(SmartsurveyTM), to the entire target population. The questionnaire was available online for 198 
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12 weeks (from beginning of November 2017 to end of January 2018) and a reminder was 199 

sent to farmers in early January. 200 

 201 

2.4.  Data cleaning, coding and imputation   202 

A total of 480 responses to the online questionnaire were received but not all were used in the 203 

analysis. Thirty farms were excluded because their abattoir data were missing and 11 because 204 

flock size was too small (< 50 breeding ewes). Farmers specialised in finishing store lambs 205 

(defined as enterprises where the number of store lambs purchased exceeded the number of 206 

breeding ewes in 2017) were also omitted (n=24).  207 

The data were checked for outlying or implausible values. A stocking rate above 6 ewes per 208 

acre was deemed implausible and more than 1.5 breeding lambs kept per ewe was considered 209 

highly unlikely; 7 farms were excluded for one of these two reasons.  210 

Six farms did not provide a figure for flock size and were therefore excluded from the analysis 211 

of lamb-derived revenue per ewe. The final dataset comprised 408 sheep farms for Model 1 212 

(outcome; lamb-derived revenue per acre) and 401 observations for Model 2 (outcome; lamb-213 

derived revenue per ewe). 214 

Three explanatory variables with ≥10% of missing observations were excluded (“Number of 215 

rams on farm”, “Total number of empty ewes” and “% of lambs with scour”). Of the other 216 

variables, relatively few had missing data (n= 31) and these had a very small proportion of 217 

missing data points (mean = 1.7%). For these variables, data imputation was conducted using 218 

the K nearest neighbours method (Altman, 1992) with the R package “DmWR” (Torgo, 2010). 219 

Numeric and categorical variables were imputed in separate steps and the number of nearest 220 

neighbours used (K) was set to 10 (Troyanskaya et al., 2001).   221 
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The total number of all species of animals farmed per acre was converted to livestock units per 222 

acre (LU); values of 1, 0.8 and 0.1 were used to convert the numbers of dairy cattle, beef cattle 223 

and adult sheep to LU respectively (Eurostat, 2019).   224 

The number of explanatory variables in the final dataset was 193 but since many categorical 225 

variables contained multiple groups, the effective number of covariates considered in the 226 

final models was 337. 227 

 228 

2.5.  Estimation of lamb-derived income 229 

A total lamb-derived revenue was calculated for each farm for the year 2017. Lamb-derived 230 

revenue for each farm was estimated by adding the different sources of income available to 231 

the farm; lambs sold to the abattoir, lambs sold to slaughter elsewhere (i.e. not to the two 232 

abattoirs participating in the research), lambs sold or kept for breeding purposes and lambs 233 

sold to other farmers for fattening (stores). Most lambs were sold through the participating 234 

abattoirs and the value of these lambs was calculated using individual lamb carcass grade, 235 

fatness type and non-condemned-weight, alongside weekly mean published prices for lamb 236 

deadweight based on carcass conformation (AHDB, 2019a) There were a small proportion of 237 

missing data points for some of the less common carcass grade categories (<5% of data 238 

points) and these values were imputed using the K nearest neighbours method (Altman, 1992; 239 

Troyanskaya et al., 2001). A price reduction was applied to carcasses <15 kg (8% of the 240 

carcasses (59,555 of 696,768) and >25 kg (9%, 65225 of 696,768) in line with abattoir 241 

policy; a penalty of 32.5 pence per kilo was applied below 15 kg and carcasses >25kg were 242 

valued at a weight of 22 kg. In addition, carcasses over one year of age were given a set price 243 

of 250 pence per kg, also according to abattoir policy. 244 

The value of lambs sold to slaughter elsewhere was based on the annual mean price paid per 245 

finished lamb to that farm for lambs sold through the participating abattoirs (i.e. the same 246 



11 

mean value for lambs was attributed as if they had been sold through these abattoirs). The 247 

value of lambs sold as stores was based on prices published by AHDB for the mean average 248 

monthly price paid for store lambs (AHDB, 2019b). However, no price estimates for store 249 

lambs were available for months March to July and therefore the price paid in these months 250 

was estimated as the mean price during the months February and August. The value of lambs 251 

kept for breeding was estimated using prices from the Livestock Auctioneers Association and 252 

attributed as the average price paid in 2017.  253 

A total farm lamb-derived revenue was calculated by summing the value of all lambs sold by 254 

the farm in 2017. This value was divided by flock size (number of breeding ewes) to obtain 255 

the outcome variable ‘lamb-derived revenue per ewe’ and separately was divided by the 256 

amount of farm area used for sheep production in acres to obtain the outcome variable ‘lamb-257 

derived revenue per acre’. 258 

 259 

2.6. Statistical analysis 260 

2.6.1. Identification of potential non-linearities and interactions; Multivariate 261 

adaptive regression splines (MARS) 262 

Before running inferential elastic regression models, multivariable adaptive regression spline 263 

models (Friedman, 1991) were conducted to explore the presence of non-linear and 264 

interaction terms within the data. Two separate MARS models were run, one for each 265 

outcome variable; lamb-derived revenue per acre and lamb-derived revenue per ewe. The 266 

predictor variables used for MARS comprised all variables in the cleaned dataset. The MARS 267 

models were constructed using the “earth” package (Milborrow, 2019) within the caret 268 

package platform (Kuhn et al., 2019) in R (Team, 2018). Ten-fold cross validation repeated 269 

10 times was used to explore a wide set of the two tuning parameters (degree of interactions 270 

and number of terms retained in the model, (Friedman, 1991)); the best model was identified 271 
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as that minimising the mean absolute error (MAE) on cross validation. For both outcomes, no 272 

interaction terms were identified and up to 6 variables contained non-linear relationships with 273 

the outcome.  Therefore to check for non-linear relationships in subsequent elastic net 274 

regression models, these variables were included as polynomial terms up to power 4.  275 

 276 

2.6.2. Elastic net regression 277 

Since the data contained a large number of explanatory variables (337) relative to the number 278 

of farms (408) and was likely to contain multiple correlations, a conventional least squares 279 

modelling approach was deemed unsafe since it could be expected to result in substantial 280 

over fitting of the models (Hastie et al., 2015; Kuhn and Johnson, 2013).  To mitigate this, 281 

regularised regression in the form of elastic net (Tibshirani, 1996; Zou and Hastie, 2005) was 282 

used. Regularisation works through a penalty term applied to model coefficients, which 283 

comprises part of the loss function to be minimised. This has the impact of shrinking 284 

covariate coefficients towards zero and limiting model over fitting by i) identifying a 285 

relatively sparse model (some coefficients are set to zero) and ii) preventing over-inflation of 286 

coefficients. Elastic net incorporates a mixture of two penalty terms, the lasso (known as the 287 

L1 penalty; a penalty on the sum of the covariate coefficients) and ridge (known as the L2 288 

penalty; a penalty on the sum of the squared covariate coefficients). The models took the 289 

form:  290 

 291 

𝑆𝑆𝐸𝑒𝑛𝑒𝑡 =
1

2𝑛
 ∑ (𝑦𝑖 − ŷi 

)
2𝑛

𝑖=1  + λ  [∑ ( 
1

 2
 (1 − α)  𝛽 𝑗

2  +  𝛼 𝛽𝑗 𝑃
𝑗=1 ]  292 

                       293 

where 𝑆𝑆𝐸𝑒𝑛𝑒𝑡  represented the elastic net loss function to be minimised, i denoted each 294 

subject (farm) and n the number of farms, yi was the observed outcome for the ith farm and ŷi 295 

the predicted outcome for the ith farm, λ was the penalisation parameter, j denoted a predictor 296 
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variable with p the number of predictor variables in total, α was a mixing parameter that 297 

defined the relative proportion of penalisation on either the sum of the square of the 298 

coefficients (β2) or the unsquared coefficients (β). 299 

Elastic net models were built using the “glmnet” package (Friedman et al., 2010) within the 300 

“caret” package platform (Kuhn et al., 2019) in R (R Core team, 2014). Before parameter 301 

estimation, continuous variables were centred and rescaled by subtracting each from the 302 

variable mean and dividing by 2 standard deviations; rescaling variables is important in 303 

elastic net regression and this method has been recommended to facilitate direct comparison 304 

between coefficients of continuous and categorical variables (Gelman, 2008). The tuning 305 

parameters α and λ were optimised by evaluating a dense grid of these terms using 10-fold 306 

cross validation repeated 10 times, to identify parameter values that minimised mean absolute 307 

error (Kuhn and Johnson, 2013). Model coefficients were extracted at these optimised values 308 

of α and λ. 309 

  310 

2.6.3. Elastic net bootstrap parameter estimation 311 

The bootstrap (Efron, 1992) has been shown to be an effective method to produce robust 312 

estimates of parameter distributions in regression models (Austin and Tu, 2004; Freedman 313 

and Peters, 1984), and useful for inference in elastic net models (Hastie et al., 2015). 314 

Aggregation of parameters across bootstrap samples has been shown to give substantial 315 

increases in accuracy of parameter estimation, particularly in situations where small changes 316 

in the data can lead to large alterations of coefficient estimates (Breiman, 1996). In outline, 317 

the method involves taking multiple samples of a dataset, with replacement, and estimating 318 

model parameter distributional characteristics using parameter values across all bootstrap 319 

samples. For our elastic net model, we implemented a previously reported bootstrap 320 

procedure (Hastie et al., 2015), as follows; 321 
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 322 

• A bootstrap sample was selected at random from the full dataset 323 

• An elastic net model was fitted to this dataset using a wide grid of values of α and λ; (α = 324 

0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8. 0.9, 1.0), (λ = 0, 001, 0.25, 0.5, 1, 1.5, 2, 2.5, 3, 4)  325 

• Ten-fold cross validation, repeated 10 times, was undertaken to identify values of α and λ 326 

that minimised model prediction error (MAE)  327 

• Coefficient parameter values were returned and stored for these values of α and λ  328 

• The procedure was repeated 500 times and coefficient distributions were estimated by 329 

evaluating values across the 500 bootstrap samples. 330 

• The distribution of values for λ were checked post hoc to ensure there was a sufficient 331 

range to encompass the optimal value (i.e. the value used to produce a model with the 332 

lowest MAE) for each bootstrap sample 333 

 334 

2.6.4. Model inference 335 

To facilitate selection of variables most likely to be important in our target population, and to 336 

identify a relatively sparse model that retained near-optimal performance, we used two 337 

metrics for inference; parameter stability and parameter coefficient distributions. These were 338 

estimated as follows. 339 

2.6.4.1. Parameter stability 340 

Using the bootstrap, we estimated covariate stability as the probability that each covariate 341 

was selected in the elastic net model (i.e. with a non-zero coefficient), in each bootstrap 342 

sample. This was calculated as the proportion of non-zero coefficients that were identified for 343 

each covariate across all 500 bootstrap samples. A low stability indicates that a covariate 344 

effect is not consistent across all farms because it requires specific farms (or groups of farms) 345 
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to be included for the covariate to be selected. Conversely, covariates with high stability are 346 

selected in the vast majority of bootstrap subsets which indicates a consistent, reproducible 347 

effect across most of the data. Therefore, stability in this context gave an indication of the 348 

consistency and reproducibility of a covariate effect (Meinshausen and Bühlmann, 2010; 349 

Sauerbrei, 1999) and thus reflected the importance and likely generalisability of the covariate 350 

in our target population.  351 

2.6.4.2. Parameter coefficient distributions 352 

The distribution of predictor variable coefficients was estimated from the elastic net bootstrap 353 

procedure. All non-zero coefficients for each parameter were aggregated across 500 bootstrap 354 

samples and used to calculate a central estimate (median) and probability distributions for 355 

each parameter. 356 

2.6.4.3. Final model inference 357 

To identify a robust final model, both variable stability and coefficient distributions were 358 

used to select variables most likely to have important associations with lamb-derived 359 

revenue. Variables deemed to be eligible and included in a final model had a stability >80% 360 

and a coefficient with a 95% probability of being < or > 0.   361 

To compare the performance of increasingly sparse models, and to judge how these models 362 

over or under fit the data, further (non-bootstrapped) elastic net models were constructed 363 

using three reduced sets of variables from within the data. These sparse sets comprised 364 

variables as follows; Sparse set 1: variables with a stability >80% and a coefficient with a 365 

0.95 probability of being < or > 0; Sparse set 2: variables with a stability >90 and a 366 

coefficient with a 0.95 probability of being < or > 0; Sparse set 3: variables with a stability 367 

>95 and a coefficient with a 0.95 probability of being < or > 0. A comparison of performance 368 

was made between these sparse models, and the sparse models were also compared to the 369 

initial elastic net model that incorporated the entire set of predictor variables.  370 
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2.6.5. Model fit and final model selection 371 

Residuals from the initial elastic models were approximately normally distributed for both 372 

outcomes but both contained a small number of outliers (<3% of data points). Although 373 

bootstrapping is recognised to produce robust coefficient estimates even when model 374 

distributional assumptions, are not met (Stine, 1985), for added security, we conducted a full 375 

bootstrap elastic net analysis on two further datasets for each outcome; one with outlying 376 

farms removed and one with the inclusion of an over dispersion parameter (a dummy variable 377 

to label outlying data points). All three models were run for 500 bootstrap samples as 378 

described above, and model stability parameters and coefficients were compared between 379 

models. For all three models, variable stability and coefficient distributions showed great 380 

similarity but the model containing the over-dispersion parameter was chosen for main 381 

inference for the following reasons. Firstly, model residuals were approximately normal 382 

which meant that outlying points were least likely to have a major influence on model 383 

parameters. Secondly, this model was the most sparse but maintained performance 384 

characteristics (R2 and MAE) on a par with the other models. Thirdly, the model used all the 385 

data which theoretically maximised power. In summary, the model with the over-dispersion 386 

parameter was a good fit to the data, was the least likely to be over-fit and thus was chosen 387 

for model inference. 388 

 389 

3. Results 390 

3.1. Response rate and farm characteristics 391 

The final dataset comprised information from 408 farms giving a questionnaire response rate 392 

of 49% (408/830). Seventy-six per cent of farms were located in Wales, 18% in England and 393 

4% and 2% in Scotland and Northern Ireland. The median area used for the sheep enterprise 394 

was 265 acres (IQR 150-450) and the median flock size was 560 breeding ewes (IQR 329-395 
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873). Eighteen per cent (72/408) of farms were located in lowland areas with all ewes 396 

lambing indoors, 4% in lowland areas with all ewes lambing outdoors (48/408), 24% in 397 

upland areas with all ewes lambing indoors (97/408), 12% (34/408) in upland areas with all 398 

ewes lambing outdoors, 5% (20/408) in hill areas with all ewes lambing indoors and 6% 399 

(24/408) in hill areas with all ewes lambing outdoors. Nineteen per cent (78/408) of farms 400 

were lambing part of the flock indoors and 12% (50/408) of flocks had a large range of 401 

altitude in which sheep were farmed. Although there was a wide range of housing and 402 

altitude combinations, these system categories were included in the models to control for 403 

potential confounding. Fifty-three per cent and 5% of the farms also had beef and dairy cows 404 

respectively. The median revenue per acre for lambs sold in 2017 was £197 (IQR 120-296) 405 

and the median revenue per ewe £95 (IQR 72 – 123). 406 

 407 

3.2. Latent class analysis of farmer attitudes 408 

Three latent classes of farmers were identified and these are illustrated in Figure 1. A 409 

summary of results for all of the 20 statements is provided in Supplementary Materials Table 410 

I. For each area of management attitude explored, “entrepreneurial orientation”, “strategic 411 

thinking”, “appreciation of profession” and “locus of control”, Latent Class 1 tended to score 412 

lowest and Latent Class 3 highest.  413 

 414 

Figure 1. An illustration of the latent class analysis to explore farmer managerial attitudes. The analysis was 415 
based on responses to 20 statements on attitudes and opinions about farm management. Responses were made 416 
on a five-point scale; ‘strongly disagree’, ‘disagree’, ‘neutral’, ‘agree’ and ‘strongly agree’ and were numbered 417 
1 to 5 respectively.  Three latent classes (labelled Cluster 1 to 3) of farmers were identified. The x axis depicts 418 
each statement numbered from 1 to 20 and the y axis illustrates the mean rating of the statements in each latent 419 
class. While some statements showed very little difference between classes (such as statement 3) others were 420 
more discriminant.  421 

 422 

3.3. Model 1 - Outcome; lamb revenue per acre 423 
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Four variables were identified in the preparatory MARS analysis as having a non-linear 424 

relationship with the outcome and polynomial terms up to power four were subsequently 425 

added to the dataset to account for this.   426 

Parameter estimates from the bootstrapped elastic net analysis are provided in Table 1; 427 

covariates with a stability >80% and coefficients with a 95% bootstrap interval greater or less 428 

than zero are shown in the table. Whilst the effect size (median coefficient estimate) was small 429 

for some covariates (e.g. tonnes of concentrate feed used) it was relatively large for others. 430 

Covariates with relatively large effect sizes were; attending technical college or university 431 

compared to having solely a secondary education (increased median revenue of £23 (5–48) and 432 

£20 (2-54) per acre respectively); farmers being in Latent Class 2 as opposed to Latent Class 1 433 

(increased median revenue £15 (0.2 – 38) per acre);  an increase in stocking rate of ewes 434 

(increased median revenue of £13 (6-17) per acre for each 0.2 increase in ewes per acre), 435 

fertilizer being used on most as opposed to none of the grazing land (increased median revenue 436 

of £18 (0.1-37) per acre), the use of rotational grazing for most grassland areas as opposed to 437 

use of entirely set stocking (increased median revenue of £13 (0.3-34) per acre); an absolute 438 

increase of 0.1 in the proportion of ewes with prolapses (reduced median revenue of £4 (0.3-439 

9) per acre); sometimes separating lame sheep from the rest of the flock as opposed to always 440 

doing (reduced median revenue of £16 (0.9-37) per acre); farmers that took routine action to 441 

control Haemonchus worms in the flock, as opposed to no action (decreased median revenue 442 

of £25 (2-54) per acre); selecting ewes for culling based on prolapses (increased median 443 

revenue of £20 (0.2-55) per acre) or infertility (increased median revenue of £20 (2-46) per 444 

acre) and farmers who provided figures of scanning during pregnancy in the questionnaire had 445 

an increased median revenue of £14 (0.04-38) per acre compared with farmers not doing so. 446 

The relationship between the body condition scoring of ewes and revenue per acre was not 447 

straightforward. Compared to farms that did not undertake body condition scoring, farms that 448 



19 

conducted body condition scoring on 51-90% of ewes at lambing or body condition scoring 449 

on >90% ewes in early lactation or at weaning had a relatively large increase in lamb-derived 450 

revenue. However, conducting body condition scoring on 10-50% ewes during pregnancy 451 

(scanning time), compared to not conducting body condition scoring, was negatively 452 

associated with revenue per acre. 453 

 454 

3.3.1.  Sparse elastic net models of revenue per acre 455 

An initial elastic net model built using all explanatory variables resulted in a model with 456 

parameters α= 0.99 and λ= 2.5. The model performance suggested slight overfitting with an 457 

internal R2 of 0.74  (MAE = 56.5) and a cross validation R2 of 0.65 (MAE = 64.6). 458 

Subsequent elastic net models conducted on the reduced subsets of variables were found to 459 

have performance characteristics as good as or better than the elastic net model conducted on 460 

the full dataset. For the subset of covariates with a stability >80%, the cross validation R2 was 461 

0.69 but this model shows slight signs of overfitting since the internal R2 was 0.75.  For the 462 

subset of covariates with a stability >95%, the internal model R2 was 0.67 and the cross 463 

validation R2 0.68; this model showed least signs of over-fitting (R2 values most similar) of 464 

the subset models.  For the subset of covariates with a stability >90%, the internal model R2 465 

was 0.72 and the cross validation R2 0.67.  466 

 467 

3.4. Model 2 - Outcome; lamb revenue per ewe 468 

Seven variables were identified in the preparatory MARS analysis as having a non-linear 469 

relationship with the outcome and polynomial terms up to power four were subsequently 470 

added to the dataset to account for this.  471 

Parameter estimates from the bootstrapped elastic net analysis are provided in Table 2; 472 

covariates with a stability >80% and coefficients with a 95% bootstrap interval greater or less 473 
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than zero are shown in the table. Covariates with relatively large effect sizes were; attending 474 

technical college compared to completing education at secondary school (increased median 475 

revenue of £6 (0.6-15) per ewe); a 0.3 increase in the number of livestock units per acre 476 

(increase median revenue of £5 (0-13) per ewe); purchasing store lambs (increased median 477 

revenue of £12 (2-28) per ewe); selecting home-bred replacement ewes based on the criteria 478 

“appearance” or “fertility of the mother” (increased median revenue per ewe of £7 (0.2-17) and 479 

£6 (0-16) respectively); selection of ewes for culling based on infertility (increased median 480 

revenue of £6 (0.7-15) per ewe); never trimming diseased feet of lame ewes compared to 481 

always doing (increased median revenue of £9 (0.8-22) per ewe); recording flock information, 482 

using records as a basis for culling decisions and providing a figure for the number lambs 483 

present at weaning (increased median revenues of £6 (0.3-15), £5 (0.3-13) and £6 (0.1-13) per 484 

ewe respectively).    485 

As with Model 1, the relationship between body condition scoring and farm revenue per ewe 486 

was variable. While performing body condition scoring of 10-50% ewes in early lactation or 487 

51-90% at weaning was associated with increased farm revenue per ewe, carrying out body 488 

condition scoring in 10-50% ewes in mid pregnancy (at scanning time) was negatively 489 

associated with revenue per ewe. Conducting body condition scoring at lambing gave 490 

contradictory results; compared with not conducting body condition scoring, if performed on 491 

>90% ewes it was associated with an increase in revenue but if performed on 51-90% ewes it 492 

was associated with a reduction in revenue per ewe. 493 

 494 

3.4.1. Sparse elastic net models of revenue per ewe 495 

An initial elastic net model built using all explanatory variables resulted in a model with 496 

parameters α= 0.99 and λ= 0.50. The model performance suggested substantial overfitting 497 

with an internal R2 of 0.62 (MAE = 19.7) and a CV R2 of 0.32 (MAE = 25.4). Of the sparse 498 
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models, the elastic net model that included all covariates with a stability of >80% performed 499 

best in terms of cross validation, with internal and cross validation R2 values of 0.53 and 0.41 500 

respectively. This subset model was less over-fit and had substantially better cross validation 501 

performance than the original elastic net model that included all explanatory variables. For 502 

the sparse models comprising covariates with a stability >90% and >95%, the internal R2 503 

values were 0.48 and 0.43 and cross validation R2 values 0.40 and 0.37 respectively.  504 

  505 

4. Discussion 506 

4.1. Key findings 507 

The aim of this study was to identify, from a large number of candidate variables, factors that 508 

were likely to have the largest, most reliable associations with lamb-derived revenue on 509 

commercial sheep farms and hence be considered prime candidates for future intervention 510 

studies. The bootstrapped regularised regression provided a platform to evaluate a large set of 511 

potentially correlated explanatory variables and identify variables that were most stable and 512 

with largest effect sizes. Factors with high stability and a relatively large positive effect on 513 

revenue per acre were; increased stocking rate, fertilizer being used on most of the grazing 514 

land, the use of rotational grazing, separation of lame sheep from the rest of the flock, selecting 515 

ewes for culling based on prolapses and infertility, conducting body condition scoring of ewes 516 

at lambing, early lactation or weaning, decreased proportion of ewes with prolapses, increased 517 

farmer education and farmers with a positive business attitude. Additional factors with a high 518 

stability and relatively large effects on revenue per ewe were; purchasing of store lambs, never 519 

trimming diseased feet of lame ewes and keeping good farm records. As an overview from the 520 

whole data, from a list of over 300 candidates, the six factors that appeared to have a substantive 521 

impact on both lamb-derived revenue per acre and per ewe were; farmers receiving an 522 

education above secondary school level, increasing stocking rates, using infertility as a reason 523 
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for culling ewes, managing lameness in ewes and conducting BCS in early lactation and at 524 

weaning. These could be considered the most important to evaluate in future intervention 525 

studies.  526 

 527 

4.2. Management factors associated with increased lamb-derived revenue 528 

A variety of management factors were associated with relatively stable and large effects on 529 

lamb revenue either per acre or per ewe. Methods of land management were associated with 530 

lamb-derived revenue per acre with factors related to increased intensification such as 531 

rotational grazing of sheep, increased application of fertilizer and increased stocking rates 532 

being associated with increased revenue. The importance of grassland management, and 533 

stocking rates has been documented for improved the sheep productivity (Bohan et al., 2017; 534 

Kilkenny and Read, 1974), but this is the first study evaluate these effects individually and 535 

estimate a financial value for each practice. Since grass generally represents a very high 536 

proportion of the sheep’s diet, it is unsurprising that more intensive and efficient management 537 

of the grazing area is associated with greater revenues and the large effect sizes and high 538 

stability of these variables suggest they may be an important and consistent effect across many 539 

farms. These results are in agreement with previous dairy cow research that reported that 540 

pasture management variables (stocking rates and fertiliser use) were positively associated  541 

with enterprise performance (financial margin per hectare) (Solano et al., 2006). Notably, in 542 

contrast to the relatively large effect sizes of these grassland-related variables, only a very small 543 

effect size was identified between feeding concentrate feed and lamb-derived revenues; each 544 

additional tonne of concentrate used was associated with an increased lamb-derived revenue 545 

per acre of only £0.86. Since a tonne of concentrate will cost approximately £150-£250 per 546 

tonne (AHDB, 2016a), this estimated return of less than £1 per acre for an average 200 acre 547 

farm would barely be cost-effective. 548 
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Management related to aspects of flock health presented some interesting associations with 549 

financial revenue per acre. Farms that “sometimes” separated lame sheep from the rest of the 550 

flock (as opposed to always) were associated with lower lamb-derived revenues. Lameness 551 

remains an important condition in UK flocks (Prosser et al., 2019) and separating sheep 552 

affected by lameness has been observed to be associated with a decreased prevalence of  the 553 

disease in a large scale survey of 809 sheep farms (Kaler and Green, 2009). A second lameness 554 

management practice, trimming the feet of lame ewes, was associated with a reduced lamb-555 

derived revenue per ewe and this could be because for footrot, the most common cause of 556 

lameness, trimming has been shown to delay recovery (Kaler et al., 2010).   In our study farms, 557 

trimming may have resulted in prolonged ewe lameness, which could in turn have resulted in 558 

reduced pregnancy rates, reduced numbers of lambs born and poorer lamb growth rates, all of 559 

which could affect lamb-derived revenue. Therefore, in this sample of sheep farms, adoption 560 

of recognised best practices to manage flock lameness was associated with substantive 561 

increases in lamb revenue and this would appear an important route to enhance farm income 562 

as well as animal welfare in the future.  563 

Another management factor related to flock health, body condition scoring (BCS), presented 564 

positive although slightly contradictory results.  Whilst BCS of ewes at the time of lambing, 565 

early lactation and weaning were associated with improved lamb-derived revenues, BCS of 10-566 

50% ewes at the time of scanning was associated with a reduction in revenue. It is unclear as 567 

to why BCS of ewes at scanning could result in reduced revenue unless, in certain 568 

circumstances, the act of scoring at this time could lead to pregnancy losses. Undertaking BCS 569 

is generally accepted as good practice, so that corrective grouping and feeding of ewes can be 570 

undertaken as necessary, therefore the unexpected findings related to BCS at scanning warrant 571 

further investigation. However, at other times in the management cycle BCS appears to be an 572 
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important management tool that is associated with increased farm revenue; the exact financial 573 

benefits of BCS would be worthy of study in future intervention studies. 574 

Management decisions around selection of ewes for culling was associated with increased with 575 

lamb-derived revenue per acre. Culling decisions based on criteria such as infertility or 576 

previous cases of vaginal and/or uterine prolapse were positively associated with lamb-derived 577 

revenue per acre suggesting that the exclusion of ewes with reproductive problems from the 578 

flock resulted in greater returns. High net margin sheep producers have previously been 579 

reported to have relatively few empty ewes (AHDB, 2016) which aligns with our results on 580 

culling ewes with reproductive issues.   581 

As well as culling decisions, management decisions on selection of home-bred replacements 582 

was also associated with increases in lamb-derived revenue. Selection decisions based on 583 

appearance or recorded fertility was associated with increase revenue per ewe. These results 584 

suggest that fertility management is important for farm productivity, probably because of the 585 

impact numbers of lambs born which in turn will generally lead to greater numbers of lambs 586 

sold.   587 

Four management variables related to data recording were associated with increased lamb-588 

derived revenue (recording flock information, keeping records of pregnancy scanning, 589 

recording of number of lambs present at weaning and using records for culling decisions). 590 

Record keeping is likely to be of benefit in providing information to make better management 591 

decisions (Lima et al., 2018) and therefore these associations are unsurprising. Good record-592 

keeping practices may provide a clear, objective basis for farm decision making which should 593 

lead to better financial returns. This finding is in line with previous research reporting a positive 594 

relationship between recording keeping and dairy cow farm performance (Solano et al., 2006). 595 

Management decisions on the routes through which lambs were sold was found to be associated 596 

with lamb-derived income; an increased number of lambs sold finished or for breeding, as 597 
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opposed to being sold as stores (i.e. to be finished elsewhere), was associated with higher 598 

revenues. Store lambs generally attract a lower price than finished lambs (AHDB, 2016) and 599 

an increased proportion of store lambs being sold probably reflects farms with relatively large 600 

variation on lambing period or relatively poor lamb growth rates. 601 

Management practices for controlling the nematode Haemonchus gave results that were 602 

difficult to interpret. Flocks that routinely took action to control Haemonchus had lower 603 

financial revenues per acre than flocks where no routine action was taken. This could be 604 

because flocks in which no action was taken did not have any significant challenges from this 605 

parasite and therefore no losses. Even when farmers took action to control Haemonchus it may 606 

be that losses still occurred that were greater than on farms without problems. It could also be 607 

that routine control of the parasite was ineffective, for example because of resistance to 608 

anthelmintics of this parasite (Coles et al., 2005). It should be noted that current 609 

recommendations for nematode control are to use worm egg counts to monitor parasite burden 610 

alongside strategic treatments rather than using blanket therapy (Abbott et al., 2012). Since 611 

Haemochus is a severe (Besier et al., 2016), and relatively widespread infection (Burgess et 612 

al., 2012) further research on the financial impact of Haemonchus control is warranted. 613 

 614 

4.3. Reported disease prevalence associated with lamb-derived revenue 615 

Several health-related variables were associated with lamb-derived revenue. An increase in the 616 

reported proportion of ewes affected by prolapses was associated with reduced lamb-derived 617 

revenue per acre. Although several risk factors seem to play a role in the aetiology of this 618 

condition (genetics, litter size, diet and topography of terrain (Jackson et al., 2014)), there is 619 

little information about the current prevalence of this disease in the UK; the last estimates date 620 

from 1987 (Low and Sutherland, 1987). Our results suggest that this condition may have a 621 
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negative impact on lamb-derived revenue, possibly a result of a poorer reproductive 622 

performance of ewes.  623 

A reported increase in the prevalence of pregnancy toxaemia in ewes was associated with 624 

reduced revenue per ewe. Pregnancy toxaemia arises from poor management of ewe nutrition 625 

and is a form of ketosis that can result in severe disease and death (Andrews, 1997). It is 626 

therefore likely to result in lower revenues per ewe in the flock. Pregnancy toxaemia can also 627 

act as a predisposing factor for mastitis in the immediate post-partum period (Mavrogianni and 628 

Brozos, 2008) and this is known to affect lamb growth (Grant et al., 2016), which could lead 629 

to lower lamb-derived revenues.  630 

In terms of reported lamb health, increased bacterial arthritis was associated with reduced 631 

revenue per ewe. Previous research has reported that age at slaughter increased in lambs 632 

affected by arthritis (Green et al., 1995) suggesting a negative impact of this condition on lamb 633 

development. Lower growth rates and arthritis lesions are likely to affect both the time of sale 634 

and the quality of a lamb carcass, both of which could explain the lower revenues per ewe 635 

observed in flocks with a greater proportion of lambs affected by this condition.  636 

 637 

4.4. Farmer traits associated with increased lamb-derived revenue 638 

Several farmer-related variables were found to be associated with lamb-derived revenue and 639 

this generally aligns with previous evidence from agricultural economics on the associations 640 

between farmer beliefs and attitudes and enterprise performance (Gasson, 1973; Mäkinen, 641 

2013; Nuthall, 2001; Willock et al., 1999). This is the first time, however, that such 642 

relationships have been observed in the UK sheep farming sector. Interestingly, our results also 643 

indicate that farmers that were part of a group with relatively positive and proactive beliefs 644 

towards farm management had enterprises with the highest financial revenues per acre 645 

confirming the relationship between intrinsic personal beliefs and increased farm productivity. 646 
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The greater farm productivity observed in this group may have resulted from the application 647 

of superior managerial principles, although in this study only opinions, and not actual 648 

managerial practices, were captured. It could also be that these beliefs were generated through 649 

success rather than being the reason for it. These results concur with previous reports in which 650 

a farmer’s managerial ability was considered to be a major resource in parallel with nature and 651 

labour (Nuthall, 2009). Further research would be beneficial to understand how these beliefs 652 

are formed, whether coaching could be an effective means of developing farmer managerial 653 

skill sets and whether this leads to improved farm revenues.  654 

Higher education was positively associated with lamb-derived revenue per acre and per ewe. 655 

This is a plausible causal relationship if learned practices are incorporated in farm management 656 

strategies and this is in agreement with previous studies relating education attainment to farm 657 

productivity (Leary and Gate, 2017; Wilson et al., 2001). This is also a promising area for 658 

change; if education can be increased to the farming population it is possible financial 659 

sustainability of the sector could increase.  660 

Farmer age was associated with lamb-derived revenue, being higher for farmers aged between 661 

36 and 45 years than those aged 25 or less. It is unclear why this specific age group should 662 

obtain greatest financial returns but both age and farming experience have been reported to be 663 

important in previous research on general flock management (Corner-Thomas et al., 2015; 664 

Wilson et al., 2001).  Further research is needed to explore the reasons behind this finding.  665 

 666 

4.5. Farm characteristics associated with increased lamb-derived revenue 667 

Farm characteristics such as location, flock type, main breed and flock size were associated 668 

with differences in revenue from lamb sales, although none of these were unexpected and these 669 

are generally system-dependent and therefore difficult to change. Farms with maternal breeds 670 
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had increased lamb-derived revenues per acre compared to farms with pure hill breeds; this is 671 

likely to a result of the higher fertility and mothering skills from these breeds (Bradford, 1972). 672 

 673 

4.6. Variable selection and stability; identification of most important covariates 674 

The use of bootstrapped parameter estimates and stability provided useful insights into the 675 

robustness and relevance of model covariates. The bootstrapped stability values, that 676 

represented the probability that each covariate was selected in the elastic net model when 677 

different subsets of data were used, provided an estimation of the consistency of the effect of 678 

each covariate. That is, covariates with a high stability had a consistent association with the 679 

outcome across a relatively large number of farms (i.e. the effects remained no matter which 680 

farms were omitted) and are therefore candidates to have a consistent and reproducible effect 681 

on farms in the target population. Under the assumption that our sample was representative of 682 

our target population, bootstrap stability can be considered to be a ranked estimate of the 683 

generalisability of each covariate; how likely it is to have an effect on farms throughout our 684 

target population (and on other similar farms). Although covariate stability appears to have 685 

rarely been used in veterinary epidemiology, it is not a new concept and has been previously 686 

considered in the context of model selection and covariate reproducibility (Baldassarre et al., 687 

2017; Meinshausen and Bühlmann, 2010; Sauerbrei, 1999). With this study being a cross 688 

sectional design, however, it is important to recognise that the relationships identified cannot 689 

be considered causal, therefore stability in this context should be treated as a means to rank 690 

candidate variables in terms of suitability for follow up intervention studies; if causal, the 691 

highest stability variables would be expected to have the largest impact across the population 692 

of tested farms. 693 

Further elastic net modelling of lamb-derived revenue per acre, incorporating only subsets of 694 

covariates with a bootstrap stability >80%, provided additional understanding of the 695 
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importance and robustness of the explanatory covariates. For both outcome variables, the cross 696 

validation R2 values were higher for these reduced covariate models than for the elastic net 697 

models that were built from the entire data set of covariates. This indicated that the covariates 698 

identified with high stability and included in these reduced models explained most of the 699 

variability in outcomes when assessed by cross validation. Again, this suggests these 700 

explanatory variables may be important in affecting lamb-derived revenue and could therefore 701 

be considered the best candidates for future intervention studies; further research is needed to 702 

establish causality.    703 

Interestingly all reduced covariate models, for both outcomes, had better cross validation 704 

performance (R2 and MAE) than the initial elastic net models using the full data set. The full 705 

elastic net models had a tendency to over fit the data when all covariates were offered, 706 

presumably because of the difficulty in filtering useful from non-useful information; that is, 707 

despite optimising the regularisation parameters, some covariates with relatively small and 708 

uncertain effects were still selected in the final models. It is known that reducing the number 709 

of predictor variables often results in improved model performance for regression-based or 710 

machine learning algorithms (Kuhn and Johnson, 2013) and automated methods have been 711 

developed to address this such as recursive feature elimination (Guyon et al., 2002). 712 

Regularisation is a recognised procedure for automatic variable selection that is known to 713 

reduce over fitting (Hastie et al., 2015) however, in this analysis, the use of covariate stability 714 

through bootstrapping alongside a regularised model framework, produced even more sparse 715 

models with better performance than regularisation alone. 716 

 717 

4.7. Study limitations  718 

It is difficult to be sure how representative our sample of farmers was of the population under 719 

study and some caution is needed in case bias has arisen.  All farmers present in the target 720 
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population were given the opportunity to participate in the study and a good response rate 721 

(49%) indicated the target population was well represented. A lack of available data on farm 722 

characteristics (e.g. flock size, location) hampers a direct comparison between the study and 723 

target populations that could help confirm representativeness. A systematic bias could have 724 

resulted from ‘volunteer bias’ (farms volunteering to participate being different from those not 725 

volunteering) or the administration mode of the survey online (with a potential under-726 

representation of farmers with no access to the internet). Such biases are difficult to evaluate 727 

without data from non-participating farms and this was not available. However, since this study 728 

was a cross sectional design and further research is needed to evaluate whether the factors 729 

identified are truly causal, such follow up intervention studies should not suffer from the 730 

potential biases of this observational study and further confirms their importance to evaluate 731 

causality.  732 

An important limitation of this study was that farm costs could not be included and that income 733 

rather than profit was used to evaluate farm productivity. A suggestion for further research is 734 

a detailed economic assessment of sheep farms financial inputs and outputs to evaluate the 735 

hypothesis that the identified practices are not only associated with farm revenue but also with 736 

profit. It is recognised that many the of practices identified as associated with increased revenue 737 

would have associated costs (for example, increased fertiliser or concentrate feed use) and even 738 

if causality is established, there is a further need to establish the economic impact; whether the 739 

increased income outweighs the costs involved. However, within these limitations it is worth 740 

noting that many relatively low cost practices, such as the use of rotational grazing, the 741 

selection of ewes for culling based on prolapses and infertility and undertaking body condition 742 

scoring of ewes, would yield a relatively large return at relatively low cost and are therefore 743 

likely to be profitable. 744 
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As final limitations, it should be recognised that although many explanatory covariates were 745 

explored in this study, some unexplained variation remained in both models suggesting that 746 

there are additional factors, yet to be identified, that also influence lamb-derived revenue on 747 

sheep farms. Furthermore, despite the use of a robust method for variable selection in this 748 

research, a variety of alternative automated covariate selection methods are available and it is 749 

unknown whether the use of different methods would have resulted in the selection of slightly 750 

different covariate subsets. Since methods of covariate selection will become increasingly 751 

important as the size of datasets available for research continues to increase, further research 752 

exploring differences between such selection methods would be worthwhile. 753 

4.8. Conclusions 754 

 Six general areas associated with lamb derived financial revenue have been described; feed 755 

and grassland, strategy of lamb sales, flock health, flock record keeping, farm attributes and 756 

farmer characteristics. From within these categories, a small set of variables with the largest 757 

potential influence on lamb-derived revenue have been identified and these are candidates for 758 

future intervention studies to assess causality. Bootstrapped regularised regression proved 759 

useful in dissecting a wide dataset and we recommend this approach to provide a robust method 760 

to rank the importance of explanatory covariates in large scale observational animal health 761 

epidemiology.  762 
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Table 1.  Results of the elastic net bootstrapped model with outcome variable “farm revenue per acre” (£/acre). Results for variable stability (percentage of bootstrap samples 959 

in which each variable was selected) and coefficient distributions (median and 95% bootstrap probabilities) are provided. The elastic net models were run for 500 bootstrapped 960 

samples and variables with both a stability >80% and a 95% bootstrap probability of being > or < zero shown. The asterisk indicates variables where a 10% change in the 961 

coefficient is shown rather than a change in 1 unit, to facilitate interpretation of the results.  962 

 963 

Group  n 

(number 

in 

variable 

category 

Variable Reference 

category 

(unless 

continuous 

predictor) (n = 

number in 

reference 

category) 

Stability 

(%) 

50% 5% 95% Median 

effect size 

for 2 SD 

change in 

continuous 

predictors 

  

Value of 2 

standard 

deviations 

of 

continuous 

predictors 

 

 
408 Intercept   100.00 150.98 55.60 230.50 

 
  

Farm 

characteristics 

127 Main breed of the flock – 

maternal type 

Hill breed type 

(190) 

94.04 16.39 0.61 39.40 
 

  

310 Region - Wales England (74) 89.07 -17.15 -49.65 -0.25 
 

  

408 Flock size (ewes tupped)   98.21 -0.04 -0.11 -0.01 -44.26 1087.88  

Farmer 

characteristics 

180 Education Level – 

Technical college 

Secondary 

school (156) 

97.42 23.34 5.34 48.13 
 

  

72 Education Level – 

University  

Secondary 

school (156) 

89.86 20.30 1.52 54.44 
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64 Age category – between 

36 and 45 

Below 25 y (17) 89.86 17.44 1.02 46.52 
 

  

83 Managerial cluster 2 

(“medium” managerial 

profile) 

Managerial 

cluster 1 (“low” 

managerial 

profile) (108) 

85.29 15.18 0.20 37.95 
 

  

Grassland 

management  

408 Stocking rate – number of 

ewes per acre for sheep 

  100.00 62.90 30.73 86.26 151 .0 2.40  

408 Livestock unit per area 

sheep 

  95.83 46.37 4.08 99.92 30.14 0.65  

408 proportion sheep area out 

of total area 

  92.64 -12.99 -63.96 -0.14 -12.99 
 

1.00  

205 Sheep were rotationally 

grazed – most or all of the 

sheep area 

None of the 

sheep area (72) 

89.07 12.55 0.27 34.05 
 

  

223 Fertiliser was spread on 

the ground- most or all of 

the sheep area  

None of the 

sheep area (38) 

94.23 17.54 0.13 36.77 
 

  

408 Number of tonnes of 

concentrate used to feed 

ewes   

  99.60 0.86 0.30 1.53 36.00 41.87  

Lamb sales 

strategy  

408 Ratio of lambs sold 

finished (to abattoirs) per 

  89.86 4.01 0.1 9.93 2.36 
 

0.59  
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lamb crop (per change of 

0.1) 

408 Ratio of lambs sold 

finished elsewhere per 

lamb crop (per change of 

0.1) 

  91.05 6.88 0.90 15.55 2.82 
 

0.41  

408 Ratio of lambs sold for 

breeding per lamb crop 

(per change of 0.1) 

  93.24 9.56 2.21 20.53 2.77 0.29  

Animal 

selection 

76 Infertility selected as the 

most important reason for 

culling  

Infertility not 

selected as the 

most important 

reason for 

culling (332) 

92.45 20.38 2.14 45.54 
 

  

28 Prolapse selected as the 

most important reason for 

culling 

Prolapse not 

selected as the 

most important 

reason for 

culling (380) 

80.52 19.87 0.16 55.01 
 

  

Flock Health 408 % of ewes affected by 

prolapses 

  90.06 -3.64 -9.36 -0.28 -17.60 
 

4.84  
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195 Did you separate lame 

sheep from the rest of the 

flock? – Sometimes  

Always (80) 90.85 -15.82 -36.79 -0.85 
 

  

68 Haemonchus worms – “I 

routinely took action to 

control this disease in my 

flock” 

No routine 

action (340) 

92.84 -24.52 -54.32 -2.38 
 

  

 BCS  43 BCS conducted at 

lambing time – majority 

of the ewes (51-90%) 

None of the 

ewes (56) 

90.85 27.97 2.96 58.02 
 

  

72 BCS conducted at 

weaning time - most of 

the ewes (>90%)  

None of the 

ewes (67) 

84.49 24.67 2.12 69.46 
 

  

80 BCS conducted in mid 

pregnancy (e.g. scanning 

time) some ewes (10-

50%) 

None of the 

ewes (23) 

91.25 -22.04 -52.05 -2.84 
 

  

83 BCS conducted in early 

lactation - Some ewes 

(10-50%) 

None of the 

ewes (95) 

92.25 20.56 1.43 54.11 
 

  

Records 295 Farmer provided scanning 

figures  

Did not provide 

scanning figures 

(113) 

88.07 14.00 0.04 38.13 
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Non-inferential 

parameters 

 Lowland farms with 

indoor lambing  

All other 

systems (upland 

or hill farms 

lambing indoors 

or outdoors)  

 42.95      

  Over-dispersion 

parameter 

  190.27      

964 
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Table 2.  Results of the elastic net bootstrapped model with outcome variable “farm revenue per ewe” (£/ewe). Results for variable stability (percentage of bootstrap samples 965 

in which each variable was selected) and coefficient distributions (median and 95% bootstrap probabilities) are provided. The elastic net models were run for 500 bootstrapped 966 

samples and variables with both a stability >80% and a 95% bootstrap probability of being > or < zero shown. The asterisk indicates variables where a 10% change in the 967 

coefficient is shown rather than a change in 1 unit, to facilitate interpretation of the results.  968 

 969 

Farm 

management 

area 

n 

(number 

in 

variable 

category) 

 Variable Reference 

category (unless 

continuous 

variable) (n = 

number in 

reference 

category) 

Stability 50% 5% 95% Effect size 

for 2 SD 

change in 

the 

predictor  

Gelman 

SD 

    (Intercept)   100.00 56.50 19.60 86.70 
 

 

Farm 

characteristics  

 304 Region - Wales England (74) 96.40 -9.60 -21.00 -1.70 
 

 

 401 Flock size (ewes tupped)   95.80 -0.01 -0.03 <0.01 -13.9 1082.70 

Farmer 

characteristics 

 175 Education Level – Technical 

college 

Secondary school 

(156) 

94.70 6.10 0.60 14.70 
 

 

 64 Age category – between 36 and 

45 years 

Below 25 years 

(17) 

96.50 10.30 2.80 20.70 
 

 

Grassland 

management 

 401 Stocking rate – number of ewes 

per acre for sheep 

  89.30 -1.20 -3.29 -0.04 -2.8 
 

2.34 

 401 Number of tonnes of concentrate 

used to feed ewes   

  99.60 0.01 0.00 0.02 0.4 40.00 
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 401 Number of other livestock on 

farm  

  84.70 <0.01 -0.01 <0.01 -0.1 
 

50.00 

 401 Livestock unit per area sheep   84.50 17.00 0.00 43.67 10.2 0.60 

Lamb sales 

strategy 

 36 Farmer purchased store lambs Farmer did not 

purchase store 

lambs (365) 

93.50 11.60 1.90 28.10 
 

 

 401 Ratio of lambs sold finished (to 

abattoirs) per lamb crop (per 

change of 0.1) 

  96.50 3.03 0.55 6.73 18.2 0.60 

 401 Ratio of lambs sold finished 

elsewhere per lamb crop  (per 

change of 0.1) 

  96.40 7.63 1.33 15.43 30.5 0.40 

 401 Ratio of lambs sold for breeding 

per lamb crop  (per change of 0.1) 

  95.50 11.97 2.10 23.97 35.9 0.30 

  

Animal 

selections 

strategy 

 124 Lamb weight was the factor with 

the strongest influence on the 

decision to sell lambs   

Time of the year 

was the factor with 

the strongest 

influence on the 

decision to sell 

lambs (12) 

86.50 4.90 0.20 12.60 
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 302 Appearance was selected as 

important when selecting home 

bred replacement ewes 

Appearance was 

not selected as 

important when 

selecting home 

bred replacement 

ewes (99) 

94.70 7.10 0.20 17.40 
 

 

 69 Fertility was selected as important 

when selecting home bred 

replacement ewes 

Fertility was not 

selected as 

important when 

selecting home 

bred replacement 

ewes (332) 

87.60 5.90 0.00 16.00 
 

 

 75 Infertility selected as the most 

important reason for culling 

Infertility not 

selected as the 

most important 

reason for culling 

(326) 

92.70 6.30 0.70 14.80 
 

 

 39 “Other” factors were important 

when  selecting replacements 

ewes 

 “Other” factors not 

important when  

selecting 

replacements ewes 

(362) 

85.50 7.90 0.40 20.10 
 

 

Flock health  401 Percentage of lambs with joint ill   96.20 -0.22 -0.43 -0.02 -1.3 6.00 
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 137 Did you trim diseased feet? – 

Never  

Always (32) 86.00 8.90 0.80 22.40 
 

 

 401 Percentage of ewes with twin 

lamb disease 

  92.40 -0.40 -1.00 <0.01 -1.6 4.00 

BCS  78 BCS In mid pregnancy  e.g. 

scanning time – some ewes (10-

50%) 

None of the ewes 

(23) 

96.90 -10.50 -20.40 -1.00 
 

 

 82 BCS In early lactation – some 

ewes (10-50%) 

None of the ewes 

(94) 

94.70 8.10 0.20 16.20 
 

 

 64 BCS At lambing time – most of 

ewes (>90%) 

None of the ewes 

(56) 

89.10 10.20 1.40 22.10 
 

 

 71 BCS At weaning time – majority 

of ewes (51-90%) 

None of the ewes 

(66) 

88.00 7.10 0.00 20.30 
 

 

 42 BCS At lambing time – majority 

of ewes (51-90%) 

None of the ewes 

(56) 

83.50 -6.50 -18.00 0.00 
 

 

Record 

keeping  

 227 Farmer provided a figure of the 

number of  lambs at weaning  

Farmer did not 

provide a figure of 

the number of  

lambs at weaning 

(174) 

93.10 5.90 0.10 12.70 
 

 

 182 Culling source of information  - 

records 

Culling source of 

information  - no 

92.90 5.40 0.30 12.50 
 

 



45 

records, memory 

only (219) 

 49 Recorded flock information using 

“any piece of paper” 

Did not record 

flock information 

using “any piece of 

paper” (352) 

86.70 6.40 0.30 15.30 
 

 

Non-inferential 

parameters 

 Lowland farms with indoor 

lambing  

All other systems 

(upland or hill 

farms lambing 

indoors or 

outdoors)  

  15.00    

 Overdispersion parameter     56.50    

 970 

 971 

 972 

 973 

 974 

 975 

 976 

 977 

 978 
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Figure 1 979 

 980 

 981 

 982 
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SUPPLEMENTARY MATERIALS  983 

Supplementary Table 1. Results of the latent class analysis to explore farmer managerial attitudes, based on responses to 20 statements on attitudes and opinions about farm 984 
management. Responses were on a five point scale; ‘strongly disagree’, ‘disagree’, ‘neutral’, ‘agree’ and ‘strongly agree’ and were numbered 1 to 5 respectively. Three latent 985 
classes (labelled Latent Class 1 to 3) of farmers were identified and mean statement ratings per latent class are provided in the table.  986 

Managerial construct Belief statement Mean rating per Latent Class 

 
 

Latent Class 1 – 

“Lower 

managerial 

attitude” 

Latent Class 2 – 

“Medium 

managerial 

attitude” 

Latent Class 3 – 

“High 

managerial 

attitude” 

Strategic thinking (adapted 

from (Mäkinen, 2013)) 

1. I have a vision how to develop the farm in the 

long run  

3.71 4.03 4.34 

2. I have plans for investments on machinery  

buildings or grassland  

3.61 3.94 4.35 

3. It is difficult to set goals for a period of a 

couple of years  

3.54 3.40 3.29 

Entrepreneurial orientation 

(adapted from (Mäkinen, 

2013)) 

4. A farmer today should be regarded as a 

business manager  

3.90 4.09 4.42 

5. My managerial skills are good  3.63 3.74 4.15 

6. I follow business principles in managing my 

farm  

3.39 3.80 4.15 

Appreciation of profession 

(adapted from (Mäkinen, 

2013)) 

7. It is rewarding to be a farmer  3.46 3.89 4.50 

8. Young people should be encouraged to a 

farming career  

3.55 4.14 4.51 

9. Farming in UK does not pay  3.54 3.19 2.96 

Appreciation of profession  

(adapted from (Mäkinen, 

2013)) 

10. A farmer can be proud of his her job  4.20 3.97 4.86 

Planning  (adapted from 

(Mäkinen, 2013)) 

11. Keeping records on just about everything is 

very important  

3.25 3.81 3.89 
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Planning  (adapted from 

(Mäkinen, 2013)) 

12. It is very important to stick to management 

principles no matter what the pressure to do 

otherwise  

3.30 3.60 3.93 

Planning (adapted from 

(Mäkinen, 2013)) 

13. I am much happier if everything is planned 

well ahead of time  

3.86 3.93 4.28 

Planning (adapted from 

(Mäkinen, 2013)) 

14. I normally do not rest until the job is fully 

completed  

3.96 3.87 4.49 

Decision making and 

information seeking (adapted 

from (Nuthall, 2009)  

15. I tend to mull over decisions before acting.   3.57 3.71 3.85 

Decision making and 

information seeking (adapted 

from (Nuthall, 2009)  

16. I usually find discussing everything with 

members of my family and or colleagues very 

helpful  

3.70 3.92 4.43 

Decision making and 

information seeking (adapted 

from (Nuthall, 2009)  

17. I find it easy to ring up strangers to find out 

technical information  

2.92 3.40 3.42 

Decision making and 

information seeking (adapted 

from (Nuthall, 2009)  

18. I tend to seek the views of many people 

before making changes to my operations  

3.06 3.64 3.72 

Productivity-oriented (Leary 

and Gate, 2017) 

19. My farm is completely oriented towards 

maximizing productivity  

2.99 3.55 3.91 

“Locus of control” (adapted 

from (Leary and Gate, 2017)  

20. It is within my control whether or not my 

farm will be successful in the long term  

3.14 3.69 4.14 
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