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Abstract  17 
 18 
This study proposes 3 different statistical methods that can be applied in order to categorize pig herds 19 

into two groups (high sero-reactors versus low sero-reactors) based  on serological test results for 20 

Salmonella-specific antibodies in pigs. All proposed statistical methods were restricted to allocate 21 

about 10 % of the herds into the group defined by each of the statistical approaches as high level of 22 

sero-reactors. Previously, semi–parametric quantile regression has been used for this purpose, and here 23 

we compare it with two other alternatives, a naive method (based on the mean values) and a third one 24 

based on Activity Region Finder methodology in combination with random forest regression models. 25 

The serological response values (= the sample to positive ratio (S/P-ratio)) of 13,649 pigs from 314 26 

Belgian pigs herds were used for this comparison. Around 14% of these herds were assigned to the 27 

high sero-reactor herd group by at least one of these three methods. The corrected level of agreement 28 

was calculated together with the pairwise agreement between all three methods in order to classify 29 

herds as high level or low level sero-reactors, resulting in an agreement level larger than 92 %. The 30 

results obtained from a fourth method, which is adopted by the Belgian Federal Agency for the Safety 31 

of the Food Chain (FASFC), was also compared to the previous three methods. The methods were 32 

compared in terms of their agreement as well as their advantages and disadvantages. 33 

Recommendations for each applied method are given in relation with the objectives and the required 34 

policy used to classify pig herds based on serological data. 35 

 36 

Keywords: Salmonella, pigs, risk herds, semi-parametric quantile regression, activity region finder, 37 
random forest regression. 38 
 39 

40 
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1. INTRODUCTION 41 

Worldwide millions of Salmonella infections in humans have been reported 42 

every year, causing numerous deaths around the world (INFOSAN, 2005). In 43 

Belgium, Campylobacteriosis and Salmonellosis are the most frequently reported 44 

food–borne illnesses with 3693 reported cases of human salmonellosis in 2006 45 

(Anonymous, 2006).  46 

Public health concerns, political pressures and consumer demands have 47 

increasingly made prevention of Salmonella (Typhimurium) in pigs a priority. 48 

However, the control of Salmonella is very complex given the numerous potential 49 

sources of contamination. Thus, in order to establish an effective control of 50 

Salmonella it is essential to include and consider every step of the pork production 51 

chain. Therefore, primary production units have received special attention in control 52 

and surveillance program within the European Union (EU). In the EU regulation Nr 53 

2003/99/EC and 2160/2003, the European Commission has set deadlines for its 54 

Member States to implement Salmonella surveillance programs in different livestock 55 

species that contribute to increase the risk of food borne infections in humans 56 

(Anonymous 2003a,b). To fulfill the surveillance obligations for pigs, most EU 57 

countries have already applied serological tests as a screening tool (Alban et al., 58 

2002; Davies et al., 2003a,b; Berends et al., 1997; Osterkorn et al., 2001). However, 59 

serological surveillance for Salmonella has its limitations, given that the presence of 60 

antibodies is merely an indirect indicator of human health risk and it has been 61 

demonstrated its poor correlation with the presence of bacteria at the individual 62 
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animal level. Nevertheless, serological testing at herd level has been previously 63 

applied to categorize pig herds into different ‘risk’ levels and subsequently to allocate 64 

control measures for herds where bacteria are likely to be present (Alban et. al., 65 

2002a and Van der Gaag, 2004). Note that, the way pig herds are allocated into 66 

different groups (levels) might differ between Member States. As an example the 67 

British Zoonoses Action Plan (ZAP) classified pig herds as herds with high 68 

seroprevalence (= ZAP2 and ZAP3 level) when more than 65% of at least 15 samples 69 

were found positive according to a cut off level of 0.25 S/P-ratio (= Sample to 70 

Positive ratio) using the Guildhay VETSIGN Kit (Davies et al., 2003). In Denmark, a 71 

pig herd was categorized as ‘risk’ herd (level 2 and 3) when the ‘serological 72 

Salmonella index’ (= a weighted average of the % of positive samples during 3 73 

consecutive samplings) was higher than 40 (Alban et al., 2002b). A mix-ELISA test 74 

(Nielsen et al., 1995) was used with a cut off level of 40% OD.  These examples 75 

illustrate the use of serological data, and the fact that several approaches can be used 76 

to classify pig herds as possible risk herds for Salmonella. The Belgian Federal 77 

Agency for the Safety of the Food Chain (FASFC) implemented in January 2005 a 78 

National Salmonella serosurveillance and control program in pigs, which became 79 

compulsory by means of a Royal and Ministerial act in July 2007 (Van der Stede et 80 

al., 2007). The program aimed to categorize maximum 10% of the pig herds as risk 81 

herds and they are obligated to implement follow up and control measures to reduce 82 

Salmonella levels. The criteria applied to assign a pig herd as ‘high risk’ was:  a pig 83 

herd with mean S/P-ratio (mean value calculated from 12 samples per sampling) 84 
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equal or higher than 0.6 during 3 consecutive samplings. These ‘high risk’ herds are 85 

considered further in the paper as high sero-reactors (the high sero-reactor level 86 

group) herds.  87 

The objective of this paper is to categorize pig herds into two groups (high or 88 

low sero-reactor) based on serological test results using several approaches: semi–89 

parametric quantile regression, naive method, Activity Region Finder methodology 90 

and the implemented method by FASFC. In addition, the agreement between all these 91 

methods was assessed using two measures of concordance. A maximum of 10 % of 92 

the pig herds were allocated into the high sero-reactor level/group resulting from the 93 

approach used.  94 

2. MATERIALS AND METHODS 95 

2.1. THE SEROLOGICAL DATASET 96 

Since 1 January 2005 blood samples are collected from growing and fattening pigs 97 

within the Belgian Aujeszky disease monitoring program (12 blood samples are 98 

collected from each pig herd in Belgium every 4 months) and they are also used to 99 

test for Salmonella-specific antibodies with an indirect ELISA (HerdChek Swine 100 

Salmonella Antibody Test Kit, Idexx LaboratoriesR). 101 

Ample detail about the data can also be found in Bollaerts et al., 2007. The dataset 102 

contained information from 314 pig herds, with a total of 13649 observations. The 103 

average number of pigs sampled per herd was 43. From those 314 herds less than 5 % 104 

(15) were sampled only once, while 90 % (277) of the herds were sampled at least 3 105 
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times. Around 68% of the herds (214) were sampled more than 4 times and 17% (53) 106 

more than 5 times.  107 

The presence of Salmonella-specific antibodies in each sample was determined by 108 

indirect ELISA, relating the optical density (OD) values to the mean positive kit 109 

control through the sample to positive ratio (=S/P ratio) corrected with negative 110 

background values of the kit (S/P-ratio = ODsample - ODNeg Kit control / ODPos Kit control - 111 

ODNeg-kit control). S/P-ratio values range in general between 0 and 4. Beside S/P-ratios 112 

other covariates such as herd_id number, sample size, sampling date, animal weight and 113 

sampling round were recorded as well. Animal weight was considered as a 114 

polychotomous categorical variable based on the weight category of the pigs (<40kg, 115 

40–59kg, 60–79kg and >80kg) and the variable ‘sampling time’ was defined as a 116 

continuous variable calculated as the number of days between the sampling date and 117 

the starting date of the national Salmonella monitoring program in Belgium 118 

(=01/01/2005)). 119 

2.2. STATISTICAL METHODS 120 

In this section we will briefly describe some statistical methods that can be used to 121 

categorize herds according to the level of sero-reactors. More precisely, we will focus 122 

on three new procedures and the procedure already adopted by FASFC. The R 123 

statistical computing environment (Ihaka and Gentleman, 1996) and the R packages 124 

randomForest version 4.5–15 (Liaw and Wiener, 2002) and ARF version 1.0 125 

(Amaratunga and Cabrera, 2004) is used. 126 

2.2.1. Naive Approach (Method I) 127 
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The 'naive' approach, consist in calculating the herd-specific mean S/P ratio for the 128 

period in which the herd is followed-up. Subsequently, 10 % of the herds (= 32 herds 129 

of the total 314) with highest mean S/P-ratios are categorized as high sero-reactor 130 

herds.  131 

2.2.2. Semi-parametric Quantile Regression Approach (Method II) 132 

The second approach has been proposed by Bollaerts et al. (2007), it takes into 133 

account the sampling time and the weight of the animal to calculate a quantile curve 134 

which is used in a second stage to classify the animals above this quantile curve as 135 

risk animals. Later the herds are categorized in the high sero-reactor group based on a 136 

beta–binomial approach, which is used to calculate the probability that sero-reaction 137 

is higher in a particular herd compared to the other herds. 138 

In this approach the high sero-reactor herds are identified based on the number of 139 

animals having (very) high S/P-ratios. This can be naturally modeled using semi-140 

parametric quantile regression (QR).  QR has the advantage over ordinary least 141 

squares regression of being more robust to outlying observations and as such, is more 142 

appropriate to analyze extremely skew distributed data (like S/P-ratios).  Finally, high 143 

sero-reactor herds are categorized based on the number of ‘risk’ animals in the herd. 144 

To correct for the intra–herd correlation, corresponding beta–binomial p–values are 145 

calculated.  More details can be found in Bollaerts et al. (2007). 146 

 147 

148 
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2.2.2.1. Quantile curves of S/P-ratios 149 

Upper quantile curves of animal S/P-ratios are estimated while accounting for 150 

confounding seasonal and animal age effects.  In particular, the following semi–151 

parametric model is used for each animal i measured at time j in herd k  152 

ijkijk weightItimesamplinghSP ijk )()( +=
∧

θ                                                                 (1) 153 

with h(.) being a smooth P–splines function (Eilers and Marx, 1996), I being an 154 

indicator matrix and ijkSPθ

∧

 the estimated quantile curve, where θ is indicating the 155 

quantile that we are interested in.  Risk animals are defined as animals for which the 156 

observed S/P-ratio is higher than the corresponding θ×100% quantile. For this 157 

particular case θ was chosen to be 0.9.   158 

2.2.2.2. Beta–binomial p–values 159 

In order to categorize the herds in the high sero-reactor group, the number of risk 160 

animals Yk is calculated for each herd k.  Then, using the beta–binomial distribution 161 

for correlated binary data, the number of risk animals Yk in herd k is beta–binomially 162 

distributed (Yk ~ BB(nk,1 – θ, ρ)), with nk being the total number of sampled pigs in 163 

herd k, 1 – θ the probability of being a risk animal and ρ being the intra–herd 164 

correlation. The p-value can then be calculated as 165 

)},1,(~|{ ρθ−≥= kkkkk nBBYyYPp , low p-values indicating herds belonging to the 166 

high sero-reactor group. 167 

168 
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2.2.3. Random Forest (RF) in combination with Activity Region Finder (ARF) 169 

methodology (Method III) 170 

The third approach uses the residuals obtained from the Random Forest regression 171 

models (Breiman, 2001) in combination with a tree based method (Activity Region 172 

Finder, mainly employed in microarray experiments to identify highly expressed 173 

genes, Amaratunga and Cabrera, 2004). In the first stage residuals from the random 174 

forest regression model of the S/P ratio against the sampling date and the weight 175 

category of the pigs are obtained. In a second stage, these residuals are then used to 176 

define high activity regions via ARF methodology. A total of 1000 trees were grown 177 

in the random forest analysis, extra information about the importance of the 178 

covariates used in the model to explain the S/P ratio behavior is obtained by two 179 

importance measures: the first one based on the reduction of mean squared error 180 

(MSE) and the second one based on the total decrease in node impurities from 181 

splitting on the variable, averaged over all 1000 trees. These importance measures 182 

define how strong the relation is between the covariate and the response, and which 183 

covariates are stronger associated with the S/P ratios. 184 

2.2.3.1. Random Forest 185 

The random forest method (Breiman, 2001) is a supervised learning algorithm; it is 186 

an ensemble of many identically distributed trees generated from bootstrap samples 187 

of the original data. Each tree is constructed via a tree classification algorithm. The 188 

simplest random forest with random features is formed by selecting randomly, at each 189 

node, a small group of input variables to split on. The size of the group is fixed 190 
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throughout the process of growing the forest. Each tree is grown by using CART 191 

methodology without pruning (Breiman et al., 1984). Also, two measures of variable 192 

importance can be obtained, the first one associated to the reduction in mean squared 193 

error (MSE) using the out of bag portion (the part of the data left out in each 194 

bootstrap sample) and another one which quantifies the decrease in node impurity (is 195 

the total decrease in node impurities (measured using Gini index or residual sum of 196 

squared) from splitting on the variable, averaged over all trees). 197 

2.2.3.2. Activity Region Finder Methodology (ARF) 198 

This methodology is similar to conventional classification tree methods. ARF uses a 199 

so called H–criterion in order to identify the High Activity Regions (HARs). This H–200 

criterion focuses entirely on the incidence rate of successes within an interval, in such 201 

a way that the subset selected at each step will have a substantial (and rapidly 202 

growing) proportion of successes. Accordingly, intervals at step (s) would have 203 

substantially higher proportion of success than intervals in the previous step (s – 1). 204 

Two methods of recursive partitioning based on H–criterion (ARF1 and ARF2) have 205 

been proposed by Amaratunga and Cabrera (2004).  206 

2.2.4. FASFC Adopted Method (Method IV) 207 

The last approach, which is adopted by FASFC, consists in monitoring the herd-208 

specific mean S/P ration per sampling round. A herd is assigned to the high sero-209 

reactor group if during 3 consecutive sampling rounds the herd-specific mean S/P 210 

ratio is above 0.6 (Van der Stede et al., 2007). 211 

2.2.5. Evaluation of Agreement Between the four Methods 212 



 11 

 The agreement between each two of methods, and for each category, together 213 

with overall agreement is estimated. The overall level of agreement (kappa (κ) 214 

statistic) for all methods (Naive κ, which compares the agreements to that expected if 215 

the methods were independent (Cohen, 1960)) is calculated. To illustrate the 216 

procedure used to calculate the level of agreement, we consider a 2×2 contingency 217 

table, for two of the methods proposed. Then 
)(1
)(

κ
κκ

e
ep

−
−

= , where p denotes the 218 

overall agreement propensity (proportion of the 314 herds for which high and low 219 

sero-reactor group categorization coincide for both methods) and  )(κe  the 220 

propensity of both raters (methods) to agree by chance without having the same 221 

assessment of a herd. The correction for chance agreement is then calculated 222 

as
N
B

N
A

N
B

N
Ae 2211)( ⋅+⋅=κ , where 1A , 2A , 1B  and 2B are the marginal totals in the 2×2 223 

table, A or B indicate the methods, the sub-indices indicate the low or high sero-224 

reactor group and N indicates the total number of herds (314). 225 

If a rating is random, it can be demonstrated that agreement can occur with a 226 

fixed probability of 0.5. It follows then that chance agreement probability should not 227 

exceed this value. Gwet (2002), shows that )(κe  can exceed 0.5 and proposed a 228 

correction to the agreement measure. In this paper, we also present the corrected 229 

measure (Corrected κ*: 
*)(1
*)(*

κ
κκ

e
ep

−
−

= ) based on the procedure proposed by Gwet 230 

(2002)). This measure appropriately corrects the agreement propensity for chance 231 
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agreement using the following expression 







⋅
+

−⋅
+

=
N
BA

N
BAe

2
1*)( 1111κ .  It was also 232 

demonstrated (Gwet, 2002) that the corrected measure of chance agreement 233 

probability never takes values above 0.5.  234 

3. RESULTS 235 

For Method I, the herds with herd–specific mean S/P ratios larger than 0.898 236 

(given that we should categorized maximum 10 % of the herds (at most 32 herds out 237 

of 314) as high sero-reactors) are categorized to belong to the high sero-reactor 238 

group. If instead, Method II was applied, then those 32 herds having the smallest 239 

beta-binomial probabilities (beta-binomial probability smaller than 0.00056) are 240 

categorized into the high-sero-reactor group. The third approach (Method III: ARF 241 

combined with random forest), provide also information about variable importance 242 

and the fit of the model. The multiple determination coefficient obtained from the 243 

random forest analysis was 0.426. The resulting tree obtained from the ARF 244 

procedure is shown in Figure 1. In each of the significant nodes detected by the ARF 245 

procedure we can see the number of observation in the node (n) and the mean of the 246 

residuals for the observations in the node (M). Note also, that in each node there is a 247 

reference to a category, which is just a set of herd identification numbers present in 248 

each node. From this figure it is clear that the herds classified in the first split, the 249 

right branch (with 2007 observations from 50 herds) have higher residuals compared 250 

to the rest of the herds. This means that even when the effects of the covariates are 251 

removed, still some systematic effect is present in our data. Therefore, other factors 252 
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definitely influence the observed values, indicating that these factors should be 253 

followed up. In order to be able to compare the results from this method (Method III) 254 

with the other two approaches we select from the 50 herds with high residuals, those 255 

32 with the highest residual mean (residual mean above 0.224), which are then 256 

considered to be high level sero-reactors herds. The FASFC method (Method IV) 257 

(Table I) identified 28 risk herds (8.9%) as high sero-reactors herds. From those, 20 258 

were also categorized as high sero-reactor herds by one of the 3 methods here 259 

presented (highlighted in bold in Table I). In total 52 herds (of the 314 herds) were 260 

categorized as high sero-reactors herds by at least one of the 4 different methods, 261 

about 21 % (11 herds)  were classified as high sero-reactors by the four methods. 262 

From the other herds (41), 9 were classified by one of the three new approaches, 6 of 263 

them were selected by Method I, Method IV and one of the other two approaches, 5 264 

by Method II, Method IV and one of the other two approaches and 3 selected by 265 

Method III, Method IV and one of the other two approaches. 266 

As it was mentioned before a total of 52 herds were categorized as high sero-267 

reactors herds by at least one of the four methods (Table I), the remaining 262 herds 268 

were classified as low sero-reactor herds by all four methods. Around 67 % of the 269 

herds are classified as high by at least two of the four methods. If we focus on those 270 

herds that are categorized as high for at least 3 of the four methods, then 50 % of the 271 

herds (26) satisfied this condition.  272 

Table II, shows the variable importance measures obtained from the random 273 

forest analysis, both measures of variable importance produce larger value for the 274 
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variable sampling time. In terms of means squared error (MSE) reduction, both 275 

variables reduced the MSE in more than 70%, producing comparable results, but in 276 

terms of decrease of node impurity, sampling time produces a considerably larger 277 

decrease. This indicates a strong seasonal character of Salmonella infections in pig 278 

herds. 279 

The agreement between the applied methods is presented in Table III. The 280 

overall level of agreement for the 3 new methods without correction is around 97 %, 281 

indicating that around 97 % of the classifications of herds are in agreement for all 282 

three approaches. When the correction factor is taken into account the level of 283 

agreement decreases towards 94 % but is still very high. The level of agreement is 284 

also high considering the herds with low level of sero-reactors. However, the 285 

corrected level of agreement for all three new methods, when we focus on the high 286 

level group, is around 71 %. When we compare all four methods, still high overall 287 

corrected level of agreement (around 92 %) is found, but again, if we focus on the 288 

high level group, the percentage of agreement drops to 56%. 289 

Figure 2 shows the percentage of the 44 selected herds that are classified by 290 

one, two or all three methods applied (FASFC method is not considered). It can be 291 

seen that 21 herds (48%) are selected by all three methods as high sero-reactors herds 292 

while 4 (9%), 4 (9%) and 2 herds (5%) are selected by  respectively Method I and 293 

Method II, Method I and Method III and Method II and Method III. Thirteen herds 294 

(30%) were selected by only one method: 3 (6.82%), 5 (11.36%) and 5 herds (11.36) 295 

for respectively Method I, Method II and Method III. 296 
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A cut-off value of 15% is also used to divide the population of herds into two 297 

groups. It can be seen that a similar level of agreement was found (Table IV). The 298 

overall level of corrected agreement is close to 90%.  299 

4. DISCUSSION AND CONCLUDING REMARKS 300 

4.1. Example 1: Herd categorized only by Method I 301 

The first approach (Method I) takes into account neither the sampling time, nor 302 

the weight of the animal even though they are known confounding factors. S/P-ratios 303 

are expected to be higher during the summer and autumn and are also expected to be 304 

higher for fattening pigs compared to weaners (<40kg) and growing pigs between 40 305 

and 60 kg (Van der Stede et al., 2007). 306 

For example, the herd with ID ‘46’ is only selected using Method I (Table I), 307 

from the 36 pigs sampled on this herd (all from weight category >80kg at 3 different 308 

sampling times 310, 453 and 582) only 9 (1,02, 1.52, 2.02, 2.21, 2.90, 3.08, 3.16, 309 

3.17 and 3.22) of them are above the specified quantile used to classify animals at 310 

risk, 19 animals had a S/P ratio below 0.7 and 8 animals had an S/P-ratio between 0.7 311 

and 0.9. This example shows that the mean S/P-ratio at herd level might be inflated 312 

due to a low number of animals having a (very) high individual S/P-ratio, which may 313 

be linked with the fact that the weight of the animals sampled were above 80 kg (old 314 

animals). However, high S/P-ratios certainly indicate that a Salmonella infection had 315 

occurred in that herd. Moreover, a high association between bacteriological isolation 316 

of Salmonella spp. in faeces and the mean S/P-ratio at herd level has been already 317 

reported (Laevens et al. (2005) unpublished data). The other three approaches did not 318 
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select this herd. However, the probability obtained with Method II is also very small 319 

and the mean residual from the random forest (ARF) approach is close to the 320 

threshold value used. The variances of the residuals for the herds that were only 321 

selected by Method I (around 0.7) were in general higher than those herds that were 322 

classified only by either Method II or Method III.  323 

Another important distinction between Method I, Method II and III, is that the 324 

two last do take into account the sampling time and the animal weight, but they 325 

proceed in different ways. The semi-parametric quantile regression approach focuses 326 

on the animal level and classifies each animal at risk or not. Subsequently, this 327 

method computes the proportions of risk animals in a herd and finally, using a beta–328 

binomial approach to correctly account for correlation between animals in a herd and 329 

selects the herds with higher antibody levels compared to the other herds. The 330 

Random Forest (ARF) approach, basically transforms the response, in a sense that the 331 

effect of sampling time and animal weight on the S/P ratios is removed, and uses it to 332 

select those herds which have higher values of the residuals, meaning that systematic 333 

patterns are still present in the data, and not yet removed.  334 

4.2. Example 2: Herd categorized only by Method II 335 

The herd with ID ‘40’ (Table I) is only selected by Method II. This herd was 336 

sampled twice with a total of 24 pigs with weights between 60–79kg. From the 24 337 

animals, 9 (5 of them being growing pigs) had S/P ratio values above the quantile 338 

curve (S/P-ratio above 1), 10 animals had S/P ratio below 0.6 and 5 animals with a 339 

S/P-ratio between 0.6 and 0.95. It is clear that the proportion of animals classified as 340 
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risk animals by Method II is higher for this herd (0.375) than for the herd with ID 341 

‘46’. If we focus on Method III more negative residuals with relative moderate 342 

variance (in general around 0.5) is observed. The mean S/P-ratio for this herd was 343 

around 0.83 and below the threshold of 0.898.  344 

4.3. Example 3: Herd categorized by Method III 345 

On the other hand, herd with ID ‘41’ was selected as risk herd only by Method 346 

III. In that herd 48 pigs in total were sampled during 4 consecutive sampling rounds, 347 

and weights varied between 60 and 110 kg. Only 5 animals at that herd had S/P ratios 348 

above the quantile curve, but 38 % of the animals had S/P-ratios higher than 0.9, half 349 

of them from weight category 60–79kg. Twenty-two percent (11/48) had S/P-ratios 350 

between 0.2 and 0.5 and there were no animals with S/P-ratios below 0.2. For this 351 

herd we observed that around 80% of the residuals are having positive sign with 352 

small variability (in general around 0.2). The mean S/P-ratio was 0.80, relatively 353 

close to the threshold value (0.898). 354 

4.4. Example 4: Herd selected only by Method IV 355 

Using the method applied now by the FASFC (Method IV), 8.9 % (28/314 356 

herds) of the herds were assigned to the high sero-reactor group from which 20 (71%) 357 

were also selected by one of the 3 other methods. In order to illustrate the differences 358 

with respect to the other three methods discussed in this paper, we will focus our 359 

attention to one of the herds classified only by the approach adopted by FASFC (Herd 360 

ID ‘52’). In this herd 60 animals in total were sampled during 5 consecutive sampling 361 

rounds:  in round 1  (time point 62) animals with weights below 60kg  and  above 362 
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80kg were sampled, in round 2 and 4 (time point 190 and 449) pigs with weights 363 

below 60kg and pigs with weights between 60 and 80kg were sampled, in round 3 364 

and 5 (time point 323 and 573) only weaners (pigs with weights below 40 kg) were 365 

sampled. The mean S/P ratio profile of this herd was 0.272, 0.995, 0.625, 0.605 and 366 

0.502. The herd is assigned to the high sero-reactor group by Method IV as it showed 367 

a S/P ratio above 0.6 during sampling rounds 2, 3 and 4. However, in sampling round 368 

4 only fattening pigs were sampled, and it is known that their S/P ratios are in general 369 

high. In fact, at that moment only 1 out 12 animals had S/P ratio larger than 1, 6 370 

animals with S/P-ratio between 0.24 and 0.5 and 5 pigs having S/P-ratios between 371 

0.58 and 0.75. From the 60 animals sampled, 63% had S/P-ratios below 0.6. Only 7 372 

(12%) animals were classified as ‘risk’ animals by Method II, for a beta-binomial 373 

probability of 0.393, much larger than the specified one (0.00056). The overall mean 374 

S/P-ratio is 0.599 which was substantially lower than the threshold value (0.898) 375 

proposed by Method I. Finally, the mean of the residuals (0.065) obtained in  Method 376 

III is also smaller than the 0.224 proposed.  This indicates that Method IV does not 377 

account for confounding factors and it merely focus on the average S/P ratio of 378 

consecutive samplings. It is well known how the mean can be influenced by a small 379 

number of observations with very high values. It is also important to highlight that 380 

Method IV will not categorize herds in the high sero-reactor group, if oscillating 381 

behavior is observed (jumping above and under the cut-off level of 0.6).  382 

383 
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4.4. Level of Agreement between the Methods 384 

A high overall level of agreement between the four methods was observed 385 

(above 91 %). Thirty-five herds are selected by at least two of the methods. However, 386 

17 other herds have been selected by only one of the approaches, indicating that the 387 

selection of herds to be followed up should be done very careful.  The choice for the 388 

most appropriate method depends clearly on the purpose and the policy of interest. If 389 

interest is in risk animals having very high S/P ratios, then the semi-parametric 390 

quantile regression approach (Method II) is preferred. If instead, we focus on herd-391 

level, as is done in many Salmonella surveillance programs, the random forest (ARF) 392 

approach (Method III) and/or the naive procedure (Method I) can be used. The 393 

advantages, applications, as well as the limitations of each of these methods are 394 

summarized in Table V.   395 

The high level of agreement is of practical importance as it implies that 396 

categorization of herds with high antibody levels is a consistent tool. We agree upon 397 

the fact that firm proof of being a herd with high level of sero-reactors can only be 398 

assessed by a positive culture of a faeces sample and/or lymph node (at 399 

slaughterhouse level). However, due to non perfect sensitivity of the bacteriological 400 

isolation method for Salmonella (ISO 6579 (Annex D) method) and its sampling 401 

procedure at herd level, the problem of correlation between serology and bacteriology 402 

will always exist, no matter which ‘serological’ method is used to categorize herds.  403 

In conclusion, the categorization of herds with high level of sero-reactors is 404 

consistent and a high level of agreement between the methods was observed.  405 
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Another important issue is the choice of the cut-off value to separate the 406 

population of herds into a high and a low group of sero-reactors herds. We have 407 

considered two different values (10 and 15%) and have shown that there is little 408 

impact on the overall κ*. Of course, to have a rigorous evaluation of the impact 409 

further research is needed, but these results already point towards a rather limited 410 

impact on the choice of the cut-off value with respect to the level of agreement 411 

between the methods. 412 

The use of other methods that can correctly account for confounding factors 413 

such as pig weight and seasonal effects and possible cluster effects, and/or adapting 414 

sampling plans is a subject of further research.  415 
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FIGURE LEGENDS 522 

 523 

Figure 1. Significants Nodes of ARF Tree for residuals obtained from the random 524 

forest model. In each of the significant nodes detected by the ARF procedure the 525 

number of observation in the node (n) and the mean of the residuals for the 526 

observations in the node (M) is displayed. In each node a reference to a category (a 527 

set of herd identification numbers) is given. 528 

 529 

Figure 2. Percentage of herd classified for one or more procedures from the 62 530 

identified by at least one of the methods. 531 
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Fig 2. 1 

All Methods
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TABLES 1 

Table 1  2 

Herds classified by one of the four methods (M1: Naive Approach (mean SP–ratio), M2: 3 
Quantile Regression (beta–binomial probability), M3: Random Forest–ARF (mean of the 4 
residuals) M4: FASFC method (number of times sampled; number of times S/P ratio above 5 
0.6)) as a herd with high level of sero-reactors (1) and low level of sero-reactors (0) and the 6 
number of times a herd was categorized as high level. The highlighted herd ID’s are those 7 
herds that are also identified by the method adopted by FASFC as described in the 8 
introduction part.   9 
 10 
Herd 
ID M1 M2 M3 M4 Times 

Herd 
ID M1 M2 M3 M4 Times 

1 1(1.59) 1(8.9E-19) 1(0.62) 1(3;3) 4 27 0(0.89) 1(2.5E-05) 1(0.33) 0(3;2) 2 
2 1(1.68) 1(6.7E-15) 1(0.73) 1(4;4) 4 28 1(1.10) 0(6.1E-04) 1(0.59) 0(2;1) 2 
3 1(1.44) 1(9.3E-15) 1(0.62) 1(4;4) 4 29 0(0.88) 0(6.6E-04) 1(0.43) 1(4;3) 2 
4 1(1.15) 1(2.5E-14) 1(0.26) 1(5;5) 4 30 1(0.92) 0(6.7E-04) 0(0.14) 1(5;3) 2 
5 1(1.18) 1(3.1E-13) 1(0.37) 1(4;4) 4 31 1(0.91) 0(2.7E-03) 1(0.22) 0(4;3) 2 
6 1(1.47) 1(2.9E-12) 1(0.35) 1(4;4) 4 32 1(0.92) 0(6.8E-03) 0(0.17) 1(4;3) 2 
7 1(1.36) 1(1.3E-08) 1(0.48) 1(3;3) 4 33 1(1.42) 0(2.6E-02) 1(0.23) 0(1;1) 2 
8 1(1.52) 1(1.0E-07) 1(0.63) 1(3;3) 4 34 1(1.24) 0(4.7E-01) 1(0.71) 0(1;1) 2 
9 1(1.12) 1(2.5E-05) 1(0.23) 1(3;3) 4 35 0(0.83) 0(5.3E-01) 1(0.34) 1(4;4) 2 

10 1(0.92) 1(4.4E-05) 1(0.25) 1(4;3) 4 36 0(0.70) 1(5.8E-07) 0(0.13) 0(5;2) 1 
11 1(0.92) 1(4.4E-05) 1(0.31) 1(4;3) 4 37 0(0.79) 1(5.6E-05) 0(0.14) 0(5;2) 1 
12 1(1.90) 1(1.6E-15) 1(0.88) 0(2;2) 3 38 0(0.89) 1(1.2E-04) 0(0.11) 0(3;2) 1 
13 1(1.27) 1(4.4E-14) 0(0.15) 1(5;3) 3 39 0(0.53) 1(2.4E-04) 0(0.08) 0(5;2) 1 
14 1(1.67) 1(3.3E-11) 1(0.35) 0(2;2) 3 40 0(0.83) 1(3.2E-04) 0(0.15) 0(2;2) 1 
15 1(1.23) 1(2.0E-10) 1(0.31) 0(4;2) 3 41 0(0.80) 0(6.1E-04) 1(0.24) 0(5;2) 1 
16 1(1.24) 1(1.5E-09) 1(0.28) 0(4;2) 3 42 0(0.69) 0(2.0E-03) 0(0.07) 1(5;3) 1 
17 1(1.24) 1(3.7E-07) 0(0.21) 1(4;4) 3 43 0(0.72) 0(5.7E-03) 0(0.11) 1(5;3) 1 
18 1(1.42) 1(1.0E-06) 1(0.55) 0(1;1) 3 44 0(0.62) 0(5.7E-03) 0(0.08) 1(5;3) 1 
19 1(0.95) 1(2.0E-06) 0(0.21) 1(4;4) 3 45 0(0.85) 0(6.8E-03) 0(0.20) 1(4;4) 1 
20 1(1.07) 1(5.2E-06) 1(0.31) 0(4;3) 3 46 1(1.02) 0(7.7E-03) 0(0.21) 0(3;2) 1 
21 1(1.10) 1(5.2E-05) 1(0.44) 0(2;2) 3 47 0(0.75) 0(1.9E-02) 1(0.25) 0(4;2) 1 
22 1(1.14) 1(8.8E-05) 1(0.29) 0(4;2) 3 48 0(0.71) 0(1.9E-02) 0(0.16) 1(4;3) 1 
23 1(0.90) 1(1.2E-04) 1(0.31) 0(3;2) 3 49 0(0.87) 0(2.8E-02) 1(0.39) 0(2;2) 1 
24 1(0.90) 1(1.8E-04) 0(0.21) 1(4;3) 3 50 0(0.77) 0(1.0E-01) 0(0.17) 1(4;3) 1 
25 1(1.23) 1(5.4E-04) 1(0.27) 0(1;1) 3 51 0(0.65) 0(1.4E-01) 0(0.11) 1(5;3) 1 
26 0(0.89) 1(5.6E-04) 1(0.25) 1(3;3) 3 52 0(0.60) 0(3.9E-01) 0(0.07) 1(5;3) 1 

11 



Table 2  1 

Importance measures based on MSE (%) and node impurity obtained from the random forest 2 

analysis as described in section 2.2.3.1.  3 

 4 

Variable Reduction in MSE (%) Decrease in Node Impurity 

Sampling Time     75.78   289.34 

Weight Category   73.16   150.35 

 5 

 6 

Table 3  7 

Pairwise and overall level of agreements when 10% of the herds are categorized as high sero-8 

reactors.  9 

Methods Naive κ (%) Corrected κ* (%) 

 Low High Overall Low High Overall 

M1 vs M2 97.52 78.12 95.54 96.96 73.22 94.54 

M1 vs M3 97.52 78.12 95.54 96.96 73.22 94.54 

M2 vs M3 96.81 71.88 94.27 96.1 65.57 92.98 

M1, M2 and M3 97.28 76.04 95.12 96.67 70.67 94.02 

M1 vs M4 94.76 60.71 91.72 93.67 52.51 89.99 

M2 vs M4 94.41 57.14 91.08 93.24 48.19 89.22 

M3 vs M4 93.71 50.00 89.81 92.4 39.55 87.68 

ALL Four Methods 96.11 64.52 92.99 95.27 56.18 91.48 

 10 

11 



Table 4  1 

Pairwise level of agreements when 15% of the herds are categorized as high sero-reactors. 2 

Methods Naive κ (%) Corrected κ* (%) 

 Low High Overall Low High Overall 

M1 vs M2 96.62 81.25 94.27 95.44 74.7 92.26 

M1 vs M3 97.74 87.50 96.18 96.95 83.13 94.84 

M2 vs M3 95.11 72.92 91.72 93.4 63.45 88.83 

M1 vs M4 90.21 71.43 88.54 87.56 63.71 85.44 

M2 vs M4 90.56 75.00 89.17 88.01 68.24 86.25 

M3 vs M4 90.56 75.00 89.17 88.01 68.24 86.25 

 3 



Table 5 1 

Summary of limitations, advantages and situations in which each of the methods could be applied. 2 

 Naïve Semi-Parametric Quantile Regression ARF-Random Forest FASFC Adopted method 

When Focus on mean behaviour (general herd level 

surveillance) 

Focus on ‘Salmonella infected’ herds (herds 

with a history of consecutive high S/P ratios 

in  all samplings) 

Focus on those herds with high mean S/P 

ratios after correcting by confounding factors 

Focus on those herds with consecutively high 

mean S/P ratios for at least three visits 

Limitations Do Not correct for confounding factors. 

Do not correct for any correlation and/or 

association between sampled animals at a 

particular time point. 

Sensitive for extreme values. 

Do not correct for any correlation and/or 

association between sampled animals at a 

particular time point. 

The model that correct for possible 

confounding factors should be prespecified in 

advance. 

Complex to install and perform in practice 

(statistical tools). 

Do not take into account possible 

associations.  

Complex to install and perform in practice 

(statistical tools). 

Do not take into account possible 

associations.  

Do Not correct for confounding factors. 

Sensitive for extreme values. 

Discard herds with oscillating behavior (mean 

S/P ratio jumping above and bellow cut-off 

(0.6)) 

Advantages Simple to implement and explain (herders, 

veterinarians). 

Easy follow up. 

Fast. 

No need for sophisticated statistical tools. 

Flexible model for time effects. 

Possibility of using different upper quantiles 

for θ (changing criteria is flexible once 

system is installed). 

Less sensitive for extreme values (robust 

technique). 

Do not need prespecification of type of 

relationship between S/P ratios and 

covariates. 

Simple to explain and implement (herders, 

veterinarians). 

Easy follow up. 

Fast. 

No need for sophisticated statistical tools. 

 3 
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