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A B S T R A C T   

The faecal egg count reduction test (FECRT) is the primary diagnostic tool used for detecting anthelmintic 
resistance at the farm level. It is therefore extremely important that the experimental design of a FECRT and the 
susceptibility classification of the result use standardised and statistically rigorous methods. Several different 
approaches for improving the analysis of FECRT data have been proposed, but little work has been published on 
how to address the issue of prospective sample size calculations. Here, we provide a complete and detailed 
overview of the quantitative issues relevant to a FECRT starting from basic statistical principles. We then present 
a new approach for determining sample size requirements for the FECRT that is built on a solid statistical 
framework, and provide a rigorous anthelminthic drug efficacy classification system for use with FECRT in 
livestock. Our approach uses two separate statistical tests, a one-sided inferiority test for resistance and a one- 
sided non-inferiority test for susceptibility, and determines a classification of resistant, susceptible or inconclu-
sive based on the combined result. Since this approach is based on two independent one-sided tests, we 
recommend that a 90 % CI be used in place of the historically used 95 % CI. This maintains the desired Type I 
error rate of 5 %, and simultaneously reduces the required sample size. We demonstrate the use of this frame-
work to provide sample size calculations that are rooted in the well-understood concept of statistical power. 
Tailoring to specific host/parasite systems is possible using typical values for expected pre-treatment and post- 
treatment variability in egg counts as well as within-animal correlation in egg counts. We provide estimates for 
these parameters for ruminants, horses and swine based on a re-examination of datasets that were available to us 
from a combination of published data and other sources. An illustrative example is provided to demonstrate the 
use of the framework, and parameter estimates are presented to estimate the required sample size for a hypo-
thetical FECRT using ivermectin in cattle. The sample size calculation method and classification framework 
presented here underpin the sample size recommendations provided in the upcoming FECRT WAAVP guidelines 
for detection of anthelmintic resistance in ruminants, horses, and swine, and have also been made freely 
available as open-source software via our website (https://www.fecrt.com).   

1. Introduction 

The faecal egg count reduction test (FECRT) is the most widely used 
method of assessing anthelmintic efficacy in the field, and represents an 
important tool for monitoring the development of anthelmintic 

resistance (Kaplan et al., in Prep). A number of advances in under-
standing the various design-related issues have been made since the 
original World Association for the Advancement of Veterinary Parasi-
tology (WAAVP) recommendations for FECRT (Coles et al., 1992), and it 
is now known that those previous recommendations lead to relatively 
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poor diagnostic performance under a variety of circumstances (Calvete 
and Uriarte, 2013; Levecke et al., 2012). In particular, the randomised 
controlled study design advocated by Coles et al. (1992) was less sen-
sitive at detecting AR compared to FECRT based on pre- and 
post-treatment counts from the same animals (Calvete and Uriarte, 
2013; Dobson et al., 2012; McKenna et al., 2006). Additionally, potential 
differences in baseline faecal egg counts (FEC) between randomly 
assigned groups can compromise the interpretation of the results, 
particularly when the number of animals is small and over-dispersion is 
high (Torgerson et al., 2005). Furthermore, the poor multiplication 
factor of up to 50 eggs per gram (EPG) of the recommended FEC method 
will frequently undermine the ability to make a precise resistance clas-
sification in cases of low to moderate baseline EPG (Calvete and Uriarte, 
2013; El-Abdellati et al., 2010; Levecke et al., 2011a; Torgerson et al., 
2012). This is because, when using egg counting techniques with a 
higher multiplication factor, fewer eggs are counted and therefore es-
timates of the mean of the underlying distribution (and consequently the 
ratio of means represented by the FECR) become less precise (Levecke 
et al., 2018). In addition to these difficulties, there remain a number of 
other unresolved statistical issues that impact the optimal study design 
of a FECRT, such as defining the hypotheses to be tested, as well as the 
ability to properly interpret the results with regard to making a diag-
nosis of reduced anthelmintic efficacy. These issues have been addressed 
to some degree in previous work (Levecke et al., 2018; Vidyashankar 
et al., 2012), but here we provide a complete and detailed overview of 
the quantitative issues relevant to a FECRT starting from basic statistical 
principles. The methods that we illustrate here form the basis of the 
recommendations provided in the upcoming FECRT WAAVP guidelines 
for detection of anthelmintic resistance in ruminants, horses and swine 
for both the minimum group size and egg numbers required (Kaplan 
et al., in Prep). 

Our objectives are to first provide a general background on statistical 
considerations relating to the FECRT before presenting the statistical 
framework on which we base our method of performing prospective 
sample size calculations. We also provide the necessary population 
parameter estimates necessary to apply our methods to a range of ap-
plications in livestock, and reinforce the concepts using an illustrative 
example. Accordingly, this manuscript is structured into five parts:  

(i) an overview of the statistical considerations relating to the use of 
a hypothesis testing framework for the FECRT  

(ii) a comparison of the classification framework given by Denwood 
et al. (2019) to others that have been used  

(iii) a description of a general method of determining the statistical 
power of the two statistical hypothesis tests underling a FECRT, 
and an explanation of the parameters on which these sample size 
calculations depend  

(iv) analysis of a variety of datasets from the literature to provide 
estimates of the parameter values required in sample size calcu-
lations for specific scenarios  

(v) a worked example application of assessing ivermectin efficacy 
using a FECRT in cattle. 

2. Statistical considerations relating to the use of a hypothesis 
testing framework for the FECRT 

Fundamentally, the FECRT is a type of prospective study design that 
seeks to classify the effect of an intervention, specifically the efficacy of 
an anthelmintic compound against a particular population of parasites. 
We define this unknown quantity as the true mean population efficacy 
(EP), which can be estimated using the observed mean faecal egg count 
reduction (μ̂) by the following standard formula: 

μ̂ = 100 •

(

1 −
∑

FECpost • Npre
∑

FECpre • Npost

)

where FECpre and FECpost represent FEC taken from the same animals 
before and after treatment with the anthelmintic compound, 
respectively. 

There are many biological issues to consider that create additional 
complexity (Kaplan et al., in Prep), but here we focus on the basic sta-
tistical principles underlying the design of a prospective study. The 
desired outcome of a FECRT is typically a binary classification: we wish 
either to conclude (i) that the efficacy is less than would be expected if 
the parasites are susceptible to the compound (i.e., we have demon-
strated anthelmintic resistance), or (ii) that the efficacy of the compound 
is not inferior to that expected in a susceptible population (i.e., we have 
demonstrated adequate susceptibility to the anthelmintic). This requires 
us to define an important theoretical concept as follows: 

expected efficacy (TE): the FECR observed when the drug was first 
used, thus representing the expected mean efficacy given negligible 
anthelmintic resistance within the parasite population. 

We note that choice of TE must be made based on biological grounds, 
considering the available evidence from peer-reviewed literature as well 
as any manufacturer’s claims of efficacy of the anthelmintic compound 
in the given host and parasite species. Within the framework presented 
here, we also assume that this is a single fixed number rather than a 
distribution representing variability in TE between animals. This is 
partly to aid interpretation and ease of calculation for classifications 
within the framework, but mostly due to the theoretical consideration of 
TE as a fixed quantity representing the expected mean efficacy over the 
entire population. Given the imperfect evidence available, specification 
of TE for a particular anthelmintic, host and parasite will be partly 
subjective, which we believe is an unavoidable part of producing 
standardised guidelines. Detailed consideration of appropriate values of 
TE based on the available literature is given by (Kaplan et al., in Prep). 

In order to assess the evidence for anthelmintic resistance, we may 
compare the observed data from a given FECRT experiment to a pre- 
specified TE as defined above. This allows us to frame the question 
within a standard hypothesis testing framework, where the null hy-
pothesis is that of adequate efficacy (EP = TE) and the alternative hy-
pothesis is that of anthelmintic resistance (EP < TE). Pepper et al. (2003) 
and Denwood et al. (2019) noted that a one-sided inferiority test is 
suitable for use in this situation. This standard statistical approach is 
conceptually the same as a simple test of difference in mean relative to a 
pre-specified value (e.g., using a one-sample Student’s t-test), except that 
the difference is hypothesised to occur only in one direction, so that the 
test is one-sided (or, equivalently, one-tailed). The benefit of this 
approach is that the outcome can be interpreted using standard statis-
tical concepts: if a p-value of less than a pre-specified threshold (typi-
cally 0.05) is obtained then the null hypothesis of adequate efficacy may 
be rejected and the alternative hypothesis of resistance is accepted, 
otherwise we do not have sufficient evidence to reject the null hypoth-
esis. The limitation of using an inferiority test in this way is that we are 
only able to assess the evidence for anthelmintic resistance; failing to 
reject the alternative hypothesis of resistance does not constitute proof 
of the null hypothesis of adequate efficacy. Fundamentally, use of the 
inferiority test alone leaves us unable to differentiate between no evi-
dence for resistance and evidence for no resistance. 

To solve this issue, Denwood et al. (2019) suggested using a 
one-sided statistical test of non-inferiority specifically for the purpose of 
determining evidence for susceptibility. Non-inferiority testing is a 
standard method of demonstrating that new generic pharmaceutical 
products will not be appreciably worse than the original products 
(Dunnett and Gent, 1977; Garrett, 2003; Greene and Morland, 2008; 
Walker and Nowacki, 2011), where the concept of appreciably worse is 
quantified by specifying a non-inferiority margin δ around the expected 
efficacy (TE) of the original product. The same concept is directly 
applicable to demonstrating that an existing anthelmintic compound has 
efficacy that is not appreciably worse than expected (Denwood et al., 
2019). A second important theoretical concept follows directly from 
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this: 
lower efficacy target (TL): a pre-specified value below the target effi-

cacy that represents the lowest observed FECR that can be interpreted as 
not reflecting anthelmintic resistance. 

Framing the question of susceptibility using a non-inferiority test 
allows a standard hypothesis testing framework to be used, where this 
time the null hypothesis is that the true population efficacy is lower than 
the lower efficacy target (EP < TL) and the alternative hypothesis is that 
of non-inferiority (EP ≥ TL) based on the TL specified. In a similar way to 
the test for resistance, it is therefore possible to compare the observed 
data from a given FECRT experiment to the desired TL in order to assess 
the evidence for susceptibility. Note that the use of TL rather than TE in 
this case arises from our specification of a goal of evidencing that the 
efficacy is not appreciably worse than expected rather than setting the 
(impractical and inappropriate) requirement that the efficacy must be 
better than expected before susceptibility can be established (Denwood 
et al., 2019). 

As a non-inferiority test, the choice of TL is derived from a combi-
nation of the expected efficacy TE and the non-inferiority margin δ, as TL 
= TE – δ. In the medical literature, the approach to selection of the non- 
inferiority margin varies depending on the application, but is generally 
based on the maximum difference relative to a known therapeutic effect 
that would still be considered clinically meaningful (Mulla et al., 2012). 
However, for application to FECRT we prefer to define TL directly as 
representing the lowest true mean population efficacy (EP) that we 
would not wish to classify as resistant. The value of δ is therefore 
calculated from the difference between TL and TE. Given that EP is a 
continuous quantity with negligible probability for any given value, we 
can overlook the slight inconsistency at the boundary of EP = TL in order 
to interpret TL more intuitively, as follows: 

The lower efficacy target (TL) can be interpreted as the highest value of 
true population efficacy (EP) that we expect to classify as a case of 
anthelmintic resistance. 

We note that the appropriate choice of TL (and therefore δ) is 
somewhat subjective. However, we provide a more precise definition 
and a strategy for selecting TL in Section 3.3. 

3. Classification of anthelmintic efficacy based on results of a 
FECRT 

The analysis of FECRT data using currently available methods typi-
cally yields three metrics of interest: the observed FECR, a lower con-
fidence interval limit (CIL), and an upper confidence interval limit (CIU). 
Equivalently, separate inferiority and non-inferiority tests may be un-
dertaken to assess the evidence for resistance and susceptibility, 

respectively (Denwood et al., 2019). It is important to note that the 
observed FECR in the sample is an estimate of the underlying population 
FECR, and hence subject to uncertainty: it would be expected to vary 
given repeated sampling from even the same animals. The values taken 
by CIL and CIU, or p-values generated by inferiority and non-inferiority 
tests, define the strength of the evidence available in the data. In this 
section, we illustrate how these estimates can be used to generate a 
biologically meaningfully classification by comparing the classification 
frameworks proposed by Coles et al. (1992), El-Abdellati et al. (2010), 
Geurden et al. (2015) and Denwood et al. (2019). 

3.1. Comparison of existing classification criteria 

Regardless of the classification criteria, there are only ten possible 
outcomes (typologies) that can be observed based on the positions of the 
observed FECR, CIL and CIU relative to the target values TE and TL. It is 
therefore simple and instructive to explore the final classification given 
to each of these ten typologies by the different classification systems that 
are available (Fig. 1). Historically, values of 95 % and 90 % have been 
used for the TE and TL respectively (Coles et al., 1992). However, we 
present the classification methods more generically (i.e., relative to TE 
and TL rather than 95 % and 90 %). This emphasises that the typologies 
are not dependent on specific efficacy targets, but rather that TE and TL 
can be changed based on the parasite species and anthelmintic being 
tested so that they are tailored for each specific use case. 

There is complete agreement between all classification systems for 
typologies 1a, 1b, and 1c in that these can all be concluded as repre-
senting anthelmintic resistance. For typologies 2a, 2b and 2c there is 
some disagreement: the two most recent classification systems consider 
these to be inconclusive, whereas the two older classification systems 
yield either suspected or confirmed resistance. The distinguishing feature 
of these typologies is that the range of the CI spans both target values, 
and therefore reflects a situation of uncertainty for which inconclusive 
would seem the most appropriate description. There is also general 
agreement between the methods that typologies 4b and 4c reflect a 
situation of adequate efficacy, with only the El-Abdellati et al. (2010) 
method deviating from this for typology 4b. However, typology 4a is 
classified three different ways by the four methods: Denwood et al. 
(2019) yields a conclusion of adequate efficacy, Geurden et al. (2015) of 
inconclusive, and the older two methods yield a conclusion of suspected 
resistance. Furthermore, typology 3 is classified four different ways by 
the four classification methods: Coles et al. (1992) would consider this to 
be suspected resistance, El-Abdellati et al. (2010) as reduced efficacy, 
Geurden et al. (2015) as inconclusive, and Denwood et al. (2019) intro-
duce a new classification of borderline for this specific situation. 

Fig. 1. Square brackets [ &] refer to lower (CLL) & upper (CLU) confidence intervals, and vertical lines | refer to observed mean faecal egg count reduction (μ̂). 
Dashed lines indicate TL (historically equal to 90%) and TE (historically equal to 95%). 
Classifications assigned to the ten possible FECR typologies by four different classification systems, as adapted from Denwood et al. (2019). 
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The conclusion that typology 4a is best thought of as representing 
adequate efficacy stems from the statistical framework proposed by 
Denwood et al. (2019). Like previous classification methods, this uses 
two target values for comparison with CIL and CIU, but unlike previous 
classification methods, these two target values are not specified ac-
cording to exogenous criteria. The expected efficacy TE (referred to by 
Denwood et al. (2019) more generically as the inferiority test threshold, 
or TI), is specified as the level of efficacy that would be expected for the 
anthelmintic being tested on the parasite/host species in question under 
a situation of full susceptibility. In the case of nematodes of veterinary 
importance, this is determined based on the level of FECR that was re-
ported in the literature when the drug was first used in a given host 
species near the time of the initial product registration. The lower effi-
cacy target TL (referred to by Denwood et al. (2019) more generically as 
the non-inferiority test threshold, or TA), is specified as the expected 
efficacy minus a non-inferiority margin. This allows an explicit trade-off 
to be made between the standard of evidence required to determine that 
a drug is close enough to the expected efficacy and the sample size 
required to be able to obtain this evidence (Denwood et al., 2019; 
Walker and Nowacki, 2011). Within this framework of interpretation, it 
can be seen that typologies 4a and 4b are equivalent in the important 
respect that the CIL is above the lower efficacy target TL and CIU is above 
the target efficacy TE, i.e., we can conclude that there is sufficient evi-
dence that the anthelmintic drug is at least sufficiently close to the ex-
pected efficacy, and may be greater. The difference between these 
typologies concerns only the observed sample FECR, which would be 
expected to be distributed randomly, and evenly, around the true mean 
population efficacy (EP). In the situation where there has been no 
deterioration in anthelmintic efficacy, the mean properties of the pop-
ulation FECR are unchanged from the expected value of TE. We would 
therefore expect the observed FECR to be either below or above TE 
approximately 50 % of the time purely at random (averaging across 
different drug use cases, and assuming that TE was well estimated 
originally). There is, therefore, no practical utility in distinguishing 
between typologies 4a and 4b, as both should be considered as adequate 
efficacy. 

The classification of typology 3 is only relevant in the unusual situ-
ation of extremely narrow confidence intervals, and will therefore not 
occur commonly in practice (Denwood et al., 2019). However, we 
believe it is important to consider all possible cases in order to produce a 
robust classification framework, so we briefly summarise the discussion 
of this typology given by Denwood et al. (2019). In situations where a 
CIU of less than TE is observed, it is possible to reject the null hypothesis 
that EP is above TE. Similarly, in situations, where the CIL is within the 
non-inferiority margin of TE (i.e., it is sufficiently close to the target ef-
ficacy), we can reject the null hypothesis of reduced efficacy. Typology 3 
occurs when both of these are true: the CIU is less than TE and the CIL is 
above TL, which is derived from the target efficacy and the 
non-inferiority margin. Put another way, it is possible to conclude that 
EP is reduced by some small margin that is less than the value dictated by 
the pre-specified margin of equivalence, so that EP is simultaneously 
significantly less than TE, but also significantly greater than TL. Although 
there is theoretical merit in considering typology 3 as a distinct entity, 
we have pragmatic reservations about introducing an additional classi-
fication to the veterinary parasitology literature, where three classifi-
cations have historically been used. Given these concerns and the fact 
that typology 3 is expected to be rare, there is an argument for merging 
this category with one of the three other classifications for practical use. 
Although it is arguably appropriate in some sense, we believe that the 
inconclusive classification provided by Geurden et al. (2015) for this 
typology is unhelpful in failing to distinguish between scenarios where 
there is appreciable statistical uncertainty which makes it difficult to 
interpret the observed efficacy (typologies 2a, 2b and 2c), and scenarios 
where the statistical variability is low, but the interpretation is intrin-
sically inconclusive (typology 3). The classifications given by Coles et al. 
(1992) and El-Abdellati et al. (2010) are arguably more appropriate in 

that typology 3 does indeed reflect evidence for resistance, albeit at a 
low level relative to the target efficacy. The same statistical argument 
could of course be made for considering typology 3 as indicating sus-
ceptibility, but from a parasitological perspective we believe that it is 
more appropriate to encourage a mind-set of low-level resistance as 
indicating a trajectory towards resistance rather than away from sus-
ceptibility. We therefore recommend that typology 3 be considered as a 
sub-category of a resistant classification when applied to FECRT in 
livestock. 

3.2. Proposed classification system for use with nematodes of veterinary 
importance 

The classifications system developed by Denwood et al. (2019) was 
proposed for the general case of comparing two over-dispersed count 
distributions, and not specifically for use with FECRT in livestock. We 
therefore propose the use of the following classifications that have been 
specifically customised for use with nematodes of veterinary 
importance: 

Resistant (typologies 1a, 1b, 1c, & 3), where the CIU is less than TE (a 
sub-category of low resistant may be used for typology 3 where the CIL is 
also greater than or equal to TL). 

Inconclusive (typologies 2a, 2b & 2c), where the CIU is greater than 
or equal to TE and the CIL is less than TL. 

Susceptible (typologies 4a, 4b & 4c), where the CIU is greater than or 
equal to TE and CIL is greater than or equal to TL. 

These classifications can therefore be determined based on CIL and 
CIU as calculated using a valid statistical method (either as a frequentist 
confidence interval or as a Bayesian credible interval), or alternatively 
using separate hypothesis tests such as those formulated by Denwood 
et al. (2019); the framework presented produces consistent classifica-
tions regardless of this choice, assuming that the methods used to derive 
the CIL and CIU and/or hypothesis tests used to derive p-values are sta-
tistically valid. These three classifications form the basis of the WAAVP 
guidelines for detection of anthelmintic resistance in ruminants, horses 
and swine (Kaplan et al., in Prep). 

3.3. Selection of appropriate values for expected efficacy and lower 
efficacy target 

Values of 95 % and 90 % have historically been used for TE and TL, 
respectively (Coles et al., 1992; El-Abdellati et al., 2010; Geurden et al., 
2015). However, we do not propose fixing TE at 95 %, because it strongly 
depends on biological considerations relevant to the study being un-
dertaken (e.g., host, parasite, and/or drug being tested). Similarly, we do 
not propose to fix TL at 90% because the value for this parameter will 
always be specified relative to TE, to allow flexible use of this framework 
in situations with different objectives. For example, a CIU of 98 % 
resulting from a FECRT using an anthelmintic with expected efficacy of 
99.9 % should be assessed as resistant, whereas a CIL of 93 % resulting 
from a FECRT using an anthelmintic with expected efficacy of only 95 % 
should be considered as susceptible (assuming a non-inferiority margin of 
at least 2 % points). This approach maximises the ability to detect 
resistance for anthelmintic compounds with high expected efficacy 
without artificially increasing the number of false-positive declarations 
of resistance for compounds with lower expected efficacy. 

As previously stated, we choose to interpret TL as the highest value of 
true population efficacy (EP) that we expect to classify as a case of 
anthelmintic resistance. We can relate this to the concept of a desired 
minimum detectable difference, which is typically used for calculating 
the required sample size for a standard inferiority test such as Student’s 
t-test. This allows us to define TL more precisely as the highest value of EP 
(i.e., smallest reduction in efficacy) for which the test for resistance 
should reject the null hypothesis of EP = TE with a probability corre-
sponding to the desired study power (typically 80 %). We also note that 
TL affects the non-inferiority margin used when testing for susceptibility, 
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which affects the required sample size for the non-inferiority test 
(Walker and Nowacki, 2011). We therefore obtain symmetry between 
the two tests by setting the non-inferiority margin for the test as the 
difference between the TE and TL, even though TL is itself defined based 
on the desired properties of the test for resistance. 

We suggest that the range between TL and TE be viewed as a grey 
zone, in which it is intrinsically less likely that the result will be 
conclusively classified as resistant or susceptible, should the true value 
be within this range. The advantage of accepting a larger grey zone is a 
reduction in the necessary sample size to establish a conclusive result, 
should the true value be outside this range. Conversely, use of a smaller 
sample size implicitly accepts that a greater reduction in efficacy will be 
needed for resistance to be determined at the same significance level. 
This explicit trade-off provides a statistically rigorous method of 
designing studies with lower or higher precision, and therefore larger or 
smaller required sample size, depending on which is most required in a 
given situation. For example, for assessing an anthelmintic compound 
with an efficacy target of 99 %, a FECRT performed for research pur-
poses may specify a relatively narrow grey zone of 95–99 % (i.e., a non- 
inferiority margin of 4% points). This ensures that even a true efficacy 
close to 95 % can be classified as resistant at the cost of a large sample 
size. Conversely, a FECRT performed for clinical purposes on a farm may 
use a grey zone of 90–99 % (i.e., a non-inferiority margin of 9% points) 
in order to facilitate use of smaller, more feasible sample sizes, accepting 
a reduction in the range of values of efficacy that can reliably be 
detected as resistant. The statistical trade-off is explicit in both cases, 
and the choice of lower efficacy threshold can be intuitively expressed as 
the desired minimum detectable reduction in efficacy. 

We therefore recommend that TE and TL are chosen so that TE reflects 
the expected efficacy of the specific anthelmintic compound being 
evaluated, and TL reflects the smallest reduction in efficacy that should 
be detectable using the proposed study design. As well as providing a 
standard framework for interpretation of results from a given FECRT, 
this forms the basis for the method of calculating statistical power that is 
presented in Section 4. Accordingly, this is the approach taken in the 
WAAVP guidelines for detection of anthelmintic resistance in ruminants, 
horses and swine (Kaplan et al., in Prep). 

4. Statistical power of a FECRT 

Ensuring that a proposed study design has a sufficient sample size is 
an essential part of carrying out prospective trials (Lenth, 2001); we 
must be sure that the number of animals included in a FECRT is suffi-
cient for the result to be meaningful despite the use of a FEC measure-
ment tool that has a high innate level of variability (Vidyashankar et al., 
2007). Considering the FECRT within a hypothesis testing framework 
allows us to consider the question of sample size in the context of sta-
tistical power, e.g. the minimum sample size required to be 80 % sure of 
obtaining a significant result from the hypothesis test. Using the com-
bined approach outlined in Section 2, we are theoretically able to 
consider the sample size of a prospective FECRT in the context of 
providing sufficient power for two purposes: (1) the minimum sample 
size required to be 80 % sure of detecting a pre-specified reduction in 
anthelmintic efficacy, should the efficacy indeed be reduced, and (2) the 
minimum sample size required to be 80 % sure of establishing that there 
is no meaningful reduction in mean anthelmintic efficacy, should the 
anthelmintic be working as expected. However, to the authors’ knowl-
edge, there is currently no known analytical approach to performing 
these power calculations. 

There are several standard methods of determining an appropriate 
sample size for different types of experimental design where the 
observed data is continuous (in particular when assumed to follow a 
normal distribution) or binary (e.g., positive/negative); however, none 
of these standard methods can be used with the over-dispersed count 
data that arise from a FECRT. A number of methods have been devel-
oped for determining the required sample size for comparing two over- 

dispersed count datasets (Aban et al., 2009; Tang, 2018), including one 
that was specifically framed in the context of FECRT (Gill et al., 1986), 
but all of these are limited to examining the special case of testing that 
the observed reduction is non-zero, i.e., establishing that the interven-
tion is not simply a placebo, and are therefore of no practical use. Given 
the lack of an applicable standard method, the best suggestions that are 
currently available for FECRT in humans and animals are general ob-
servations of minimum sample sizes based on simulation studies (Den-
wood et al., 2010; Levecke et al., 2018, 2015, 2011b; Pepper et al., 
2003), as well as an online tool to provide sample size estimates for 
human studies (https://paradesign.shinyapps.io/paradesign/). 

4.1. Power calculation framework 

There are four broad biological factors issues that affect the statis-
tical power of a FECRT: (1) number of animals/samples, (2) the total 
number of eggs counted under the microscope (before a multiplication 
factor is applied), (3) the over-dispersion in the data (commonly referred 
to as k), and (4) the population efficacy (EP). By using the hypothesis 
testing framework proposed by Denwood et al. (2019), we can consider 
each of the two statistical tests for resistance and susceptibility sepa-
rately, so that it becomes possible to formulate the question of study 
design as a pair of relatively straightforward statistical power calcula-
tions. To estimate the power to determine susceptibility, we simply 
calculate the probability of rejecting the null hypothesis (that EP is 
inferior to TE) under the assumption that the EP is equal to TE. To esti-
mate the power to determine resistance, we calculate the probability of 
rejecting the null hypothesis (that EP is equal to TE) under the assump-
tion that EP takes some value that is inferior to TE. As stated in the 
previous section, it seems appropriate to use the same value as specified 
for the non-inferiority margin: we therefore propose setting EP equal to 
TL when powering the test for resistance, which mirrors the use of EP 
equal to TE when powering the test for susceptibility. 

A further consideration in power calculation is the desired Type I 
error rate for each of the two statistical tests for resistance and suscep-
tibility. In situations with only a single test of interest, statistical 
convention suggests the use of a 5% alpha error rate. Where more than 
one (potentially independent) test is to be performed, then it is generally 
advisable to use some form of correction for multiple tests so that the 
overall Type I error of the combined results does not exceed 5 %. The 
most conservative of these is the Bonferroni correction (Wright, 1992), 
which stipulates that Type I error rates of 2.5 % should be used for two 
fully independent tests in order to yield an overall alpha error not 
exceeding 5 %. Previous recommendations for working with FECRT 
have recommended the use of 95 % CI, which is equivalent to a 
two-tailed test with 2.5 % probability in each of the tails, and can 
therefore be interpreted as two one-tailed tests each with Type I error 
rates of 2.5 %. However, Denwood et al. (2019) observed that false 
positive results from the tests for resistance and susceptibility are 
mutually exclusive outside of the grey zone. This is because, by defini-
tion, it is not possible to simultaneously have a false positive declaration 
of resistance and a false positive declaration of susceptibility for a spe-
cific (albeit unknown) value of EP. Furthermore, by definition, it is not 
possible to either have a false positive declaration of resistance or a false 
positive declaration of susceptibility for a given value of EP within the 
grey zone bounded by TL and TE. Given that it is appropriate to condition 
on the same unknown EP value when calculating false positive rates for 
the tests for susceptibility and resistance, we can therefore conclude that 
the overall Type I error rate does not exceed the Type I error rate of the 
two underlying statistical tests for any value of EP. Based on this 
reasoning, it is therefore unnecessary to apply a correction for multiple 
tests, and the historical use of a 95 % CI is, in fact, overly conservative. 
We therefore recommend that Type I error rates of 5 % be used for both 
tests for resistance and susceptibility, and hence that 90 % CI be used in 
place of 95 % CI for all statistical estimates of CI for FECRT data. In most 
circumstances this necessitates only minor adjustments to the 
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calculation method, although in some situations more substantial 
modifications to available software may be necessary. A practical 
advantage of this change is that power calculations can be made on the 
assumption of an overall Type I error of 5 % rather than an effective 
overall Type I error of 2.5 %, which will reduce the sample size re-
quirements for any proposed FECRT study. 

A final requirement is to define criteria to be used to determine 
whether a proposed FECRT study is adequately powered. To do this, we 
must consider both the power to detect resistance conditional on EP 
being equal to (or less than) TL, and the power to detect susceptibility 
conditional on EP being equal to (or greater than) TE. We recommend 
that for a study to be classed as adequately powered, both of these 
quantities must be greater than the conventional value of 80 %. The 
power calculations themselves can be performed by simulation, as 
described by Denwood et al. (2019). These simulations require specifi-
cation of further parameters, reflecting the proposed sample size, 
anticipated number of eggs counted, and variability parameters, as 
described below. 

4.2. Calculation procedure 

The following input parameters are required in order to calculate the 
statistical power (for both resistance and susceptibility) of a FECRT:  

I. The expected efficacy (TE) i.e., published efficacy of the drug in a 
susceptible population.  

II. A lower efficacy target (TL) representing the minimum detectable 
reduction in efficacy that is deemed appropriate for the given 
situation.  

III. The desired Type I error rate (false positive rate) for the statistical 
tests.  

IV. The number of animals.  
V. The anticipated mean number of eggs counted in the group before 

treatment.  
VI. The anticipated over-dispersion in egg counts in the pre- 

treatment group (k1).  
VII. The anticipated over-dispersion in egg counts in the post- 

treatment group (k2).  
VIII. The anticipated correlation between pre- and post-treatment egg 

counts in the same animal (c12). 

The first four of these parameters are each derived as follows: from 
the literature (TE), determined based on the needs of the study (TL), fixed 
based on statistical convention (a Type I error of 5 %), and as a 
controllable aspect of the study design (number of animals). The 
anticipated mean number of eggs counted can be estimated based on a 
pre-study FEC screen or previous experience with another population 
similar to that in question, combined with the multiplication factor of 
the laboratory method used. Importantly, we note that only the com-
bination of these effects is important, i.e., the actual number of eggs 
counted (Levecke et al., 2018). It is therefore desirable to compensate 
for a low anticipated EPG by using a laboratory method with a lower 
multiplication factor. The final three parameters are fundamental 
properties of the biological system; estimates of over-dispersion and 
correlation obtained from previous experience (or the literature) must 
be used for a FECRT, just as it is necessary to make use of an estimated 
value of the standard deviation for a traditional power calculation. Es-
timates of k1 and k2 can be obtained via several methods, including via 
maximum likelihood or by derivation from Pearson’s residuals. Esti-
mates of c12 can potentially be obtained from more complex statistical 
models or more simply from the observed correlation in the data. We 
provide some estimates for nematodes of veterinary importance in 
Section 4 Parameter Estimates. 

The power calculation itself utilises a Monte Carlo approximation, 
which involves simulation of datasets based on the parameters given 
above. It is therefore necessary to select a parametric distribution from 

which the data should be simulated; here we follow the tradition of 
using the negative binomial distribution to represent over-dispersed FEC 
data (Levecke et al., 2018). Previous work has shown a degree of 
empirical evidence that FEC data fit this distribution well (e.g., Shaw 
et al., 1998), and the existence of closed form parameterisation for this 
compound gamma-Poisson distribution is extremely useful from a 
computational perspective (Denwood, 2016). However, a different 
compound distribution, for example a lognormal-Poisson distribution, 
could be substituted in place of the negative binomial. One requirement 
is the ability to simulate correlated variables from a pair of the chosen 
distribution representing pre- and post-treatment data from the same 
animal. We use the formulation for generating correlated gamma vari-
ates proposed by Nadarajah and Gupta (2006) to simulate correlated 
negative binomial variates, but other bivariate distributions are poten-
tially suitable for use in this regard. Further work is required to fully 
evaluate the impact of these distributional assumptions. Regardless of 
the distribution chosen, the full procedure is that data are simulated 
from a pair of correlated distributions based on the above parameters, 
before being analysed using a valid statistical method and the outcome 
of the two hypothesis tests is recorded. This process is then repeated 
thousands of times before power is estimated as the proportion of sim-
ulations for which significant results are returned from each hypothesis 
test. For unpaired studies, reflecting the use of random allocation of 
animals into separate treated and un-treated control groups, counts from 
the two groups are simulated from independent (here, negative bino-
mial) distributions in place of the correlated distribution. This is 
equivalent to the procedure for a paired analysis as described above, 
except for that the correlation parameter c12 is assumed to be zero 
because there are no repeat observations from the same animals. 
Open-source software implementing these calculations within the 
bayescount package (version 1.0) for R (R Core Team, 2022) is freely 
available via https://www.fecrt.com. 

5. Parameter estimates 

5.1. Data sources and analysis methods 

Raw FECRT data were extracted for relevant parasite species in 
groups of cattle (n = 27), sheep (n = 20), goats (n = 5), swine (n = 38), 
and horses (n = 41, of which 15 were in foals). These were obtained 
from a combination of data available to the authors and published 
studies (Dangolla et al., 1997; George et al., 2018, 2017; Morris et al., 
2019; Petersen et al., 2014). In some cases of published data, the data 
were not available directly from the publication but were acquired using 
professional contacts of the authors. Where necessary, datasets were 
converted from EPG to raw count observations using the relevant 
multiplication factor before being analysed. Each dataset was annotated 
with metadata representing host species, parasite species, anthelmintic 
compound, and data source. Most of the available data were collected 
from paired FECRT studies, and therefore included FEC observations 
from the same animals pre- and post-treatment, but a number of datasets 
were available either from control groups or cross-sectional studies and 
were therefore used as pre-treatment only data. 

For each dataset, negative binomial distributions were fitted to the 
observed pre-treatment and post-treatment count datasets indepen-
dently, and estimates of the expected values (m1 and m2) and over- 
dispersion parameters (k1 and k2) for each distribution were obtained 
via maximum likelihood. Here we use the ecology parameterisation of the 
negative binomial distribution, with mean and dispersion parameters. 
The correlation parameter (c12) was then calculated for the paired 
datasets according to the following formula: 

c12 =
cov(pre, post)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
var(pre)

√
•

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
var(post)

√

Where cov denotes the covariance, and var variance of the observed 
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count data. Finally, the pre-treatment mean EPG was calculated from the 
estimate for m1 and the multiplication factor of the laboratory method 
used for each dataset. 

5.2. Data analysis results 

A full overview of the available datasets along with all parameter 
estimates is given in Table S1. Although the maximum likelihood 
analysis was able to extract a full set of parameter estimates from the 
majority of the 131 datasets, there were a total of 38 datasets for which 
post-treatment data were not available, and a further 7 datasets for 
which estimates of k2 and c12 could not be extracted due to post- 
treatment means of zero. This resulted in a total of 86 sets of esti-
mates for all parameters, and an additional 45 sets of estimates for EPG 
and k1 only. However, due to sparsity of data available for pigs, no es-
timates of k2 and c12 were available for Ascaris or Trichuris. Summary 
box-and-whisker plots of the estimates for EPG1, k1, k2 and c12 from each 
host and parasite species are given in Fig. 2, and the corresponding 
median parameter estimates are given in Table S2. 

As would be expected, there were marked differences between spe-
cies. For example, sheep nematodes were associated with high EPG, 
moderate k1 & k2, and high c12, whereas Ascaris and Trichuris in pigs 
were associated with lower pre-treatment means and extremely low k1 
(indicating high post-treatment variation). The median estimate for k2 

was lower than that for k1 for all species except Oesophagostomum 
(Table S2), indicating that overdispersion is typically higher after 
treatment than before treatment. This supports similar findings in pre-
vious studies (Peña-Espinoza et al., 2016). 

5.3. Assessment of distributional fit 

Alongside the parameter estimation procedure, an assessment was 
made of the fit of each dataset to the negative binomial distribution. This 
assessment was done for pre- and post-treatment data separately, but 
only for datasets where the mean FEC was greater than zero, meaning 
that a total of 217 datasets were assessed for distributional fit. The 
procedure involved fitting each dataset to a generalised linear model 
with no predictors, negative binomial response and log link function in 
order to obtain the mean squared Pearson’s residuals for each dataset. 
This was then compared to a distribution of the same statistic calculated 
from 1000 iterations of parametric bootstrapping of the data with the 
same sample size, mean and over-dispersion, and following re-fitting of 
the generalised linear model to each of these simulated datasets. For 
each real dataset, the model fit was assessed as being good if the mean 
squared Pearson’s residuals were lower than 95% of those for the cor-
responding simulated datasets and poor otherwise. The generalised 
linear models were implemented using the MASS package (Venables and 
Ripley, 2002) for R (R Core Team, 2022). 

Fig. 2. Box and whisker plots showing estimates of the pre-treatment mean eggs per gram (EPG), pre-treatment over-dispersion (k1), post-treatment over-dispersion 
(k2) and within-animal correlation between pre- and post-treatment samples (c12) for each of the relevant hosts and parasites. Median estimates are replicated in 
Table S2 to facilitate the extraction of precise values for use in sample size calculations. Note that post-treatment data were not available for Ascaris or Trichuris in 
pigs, and all results from species with limited information are shown as separate points rather than being summarised as box and whisker plots. 
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The frequency of good vs poor fit is summarised by time point, 
parasite and host species in Table S3. Overall, we found that 21 out of 
the 217 datasets had a poor fit to the negative binomial, which is 
approximately double the 5 % that would be expected due to random 
chance if the data were perfectly negative binomially distributed. 
Datasets from the ruminant species provided the highest evidence of 
poor fit (15 % of 100 datasets from cattle, sheep and goats), whereas the 
fit from other species showed extremely good fit to the negative binomial 
(5.1 % of 117 datasets for pigs and horses). Overall, this confirms earlier 
empirical evidence that the negative binomial provides a reasonable fit 
to FEC data, although the modest evidence of worse fit to ruminant data 
is a relevant avenue for future research. 

6. Illustration 

In previous sections we provided the framework and classifications 
for making interpretations of FECRT data, outlined a simulation 
framework for calculating the power of a proposed FECRT, and provided 
some estimates of the parameters that are necessary to carry out these 
simulations. In this section, we illustrate the methods using an assess-
ment of ivermectin efficacy against mixed strongyle infections in cattle 
as an example. In this context, we address two different paired study 
designs: a research-based sampling design, and a clinical-based sampling 
design. The distinction between these is the balance between cost of the 
experimental setup and a desire to be able to detect resistance as early as 
possible: the research-based option is designed to be able to detect small 
changes in efficacy so that a small grey zone is required, and the clinical- 
based option tolerates a larger grey zone in order to achieve a more 
manageable sample size (e.g., the situation where a farmer wants to 
determine if a particular drug is effective using minimal logistical 
effort). We set the target efficacy TE to 99 %, as numerous studies 
demonstrate that ivermectin and other macrocyclic lactone anthelmin-
tics achieved at least this level of efficacy when first introduced (Kaplan 
et al., in Prep). We choose a lower efficacy target TL of 95 % for the 
research version of our proposed FECRT. This corresponds to a mini-
mum detectable reduction in efficacy to 95 % for the research protocol, 
which ensures that any reduction in efficacy below this value will be 
detectable by our study. For the clinical version of our proposed FECRT 
we reduce TL to 90 % in order to reflect the less exacting requirements of 
this proposed application. This allows the clinical version to have a 
smaller sample size requirement at the cost of a reduced probability of 
classifying a small reduction in efficacy as resistant. We choose estimates 
of k1, k2 and c12 as given for cattle in Table S2, along with an assumed 
pre-treatment mean count of 200 EPG (based on previous experience 
with similar populations) and a laboratory method with a multiplication 
factor of 5 EPG. The parameters required for the two proposed FECRT 
are therefore as follows:  

a. Target efficacy (TE): 99 %  
b. Lower efficacy target (TL): 95 % (research version) or 90 % (clinical 

version)  
c. The desired type 1 error rate: 5 % 
d. The number of animals: unknown (to be determined based on re-

quirements to achieve 80% power, within a range of 5 and 100 
animals)  

e. The anticipated (untreated) mean count: 40 eggs (200 EPG divided 
by 5)  

f. An estimate for the anticipated k1: 1.1  
g. An estimate for the anticipated k2: 0.4  
h. An estimate for the anticipated c12: 0.1 

Based on these parameters, we determined a minimum sample size of 
8 and 15 animals for the proposed clinical (TL = 90 %) and research (TL 
= 95 %) versions of the cattle FECRT, respectively. The effect of the 
species-specific biological parameters can be seen by using values of k1 
= 1.4, k2 = 0.8, and c12 = 0.5 as given in Table S2 for sheep: the sample 

size requirements for a paired sheep FECRT with the same anticipated 
mean and efficacy parameters as for the cattle FECRT reduce to 5 and 10 
animals for clinical and research studies, respectively. This underlines 
the importance of accounting for these species-specific biological pa-
rameters to produce meaningful sample size recommendations. We also 
note that FECRT studies in sheep and pigs are sometimes carried out 
using random allocation of animals to treatment and control groups 
rather than paired sampling of the same animals pre- and post- 
treatment: our method is equally capable of generating sample size re-
quirements for these studies using the same procedure as for paired data 
but setting c12 = 0. For example, the sample size requirements for a 
sheep FECRT with treatment vs control design increase by 1 animal to 6 
and 11 animals for clinical and research studies, respectively. This 
approach assumes that data are only available from each group at a 
single time point corresponding to post-treatment for animals in the 
treatment group i.e., that any data collected before treatment are 
ignored. 

Further insights can be gained from exploring the estimated power 
for determining resistance and susceptibility for all possible sample sizes 
within the given range of interest (Fig. 3; top and middle plots), as well 
as the relationship between the expected pre-treatment mean number of 
eggs counted and the minimum sample size consistent with obtaining 
80% power for both tests (Fig. 3; bottom plot). Here we consider only the 
mean number of eggs counted, although in practice this is defined by the 
combination of mean EPG and multiplication factor of the laboratory 
method used. It should therefore be understood that mean number of 
eggs counted (and therefore the study power) can be increased either by 
carrying out the FECRT in a population of animals with higher mean 
EPG, or by using a laboratory method with lower multiplication factor 
(or both). The sample size vs. power graphic given in Fig. 3 provides an 
easily understandable way for the user to appreciate the relationship 
between sample size, power to detect resistance, and power to detect 
susceptibility. In general, the power to detect susceptibility is lower than 
the power to detect resistance: e.g., the number of animals needed to 
obtain 80 % power for the test for resistance is only 5 and 10 for the 
clinical and research versions, respectively, compared to 8 and 15 ani-
mals for the test for susceptibility. This stems from the fact that the 
coefficient of variation associated with counting error (i.e., Poisson 
variability) increases as the mean number of eggs counted decreases, 
due to the fundamental property of the Poisson distribution (mean =
variance = λ, and therefore cv =

̅̅̅
λ

√
/λ = 1/

̅̅̅
λ

√
). In situations where the 

efficacy is low, the post-treatment data will on average have a higher 
number of counted eggs, and is consequently less affected by counting 
variability compared to the situation when efficacy is high. This means 
that in practice the overall sample size calculation will typically be 
driven by the need to detect susceptibility rather than resistance, 
although the difference in sample size requirements between the tests is 
smaller for scenarios with higher pre-treatment mean eggs counted and/ 
or lower TE (data not shown). It can also be seen that the required mean 
number of eggs counted has a large impact on power for small sample 
sizes, although the effect diminishes as the sample size increases (Fig. 3; 
bottom plot). Although an interpolated line is shown for illustrative 
purposes, the required sample size should be rounded up to the next 
integer: for example, with a mean of 40 eggs counted the required 
sample size for the clinical protocol is slightly under 8 (which should be 
rounded up to 8), and the required sample size for the research protocol 
is slightly under 15 (which is rounded up to 15). For a more detailed 
exploration of the relationship between Type I error rate, power, clas-
sification probability, and EP for a fixed sample size, see the Supple-
mentary material. 

7. Discussion 

This paper considers the statistical aspects surrounding a FECRT in 
order to provide context for the statistical framework that underpins the 
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upcoming WAAVP guidelines for diagnosing anthelmintic resistance 
using the FECRT in ruminants, horses and swine (Kaplan et al., in Prep). 
The understanding of how best to design and interpret FECRT has pro-
gressed enormously in the three decades since the original WAAVP 
recommendations were published (Coles et al., 1992). In particular, 
important contributions were made by demonstrating the importance of 
using the CLU as part of the classification (Lyndal-Murphy et al., 2014; 
Pepper et al., 2003), as well as inclusion of an inconclusive classification 
in situations where insufficient evidence is available to make a conclu-
sive classification of susceptibility or resistance (Geurden et al., 2015; 
Torgerson et al., 2014). We use the statistical framework first proposed 
by Denwood et al. (2019) to derive a classification system and power 
calculation method that forms a fundamental part of the upcoming 
WAAVP guidelines. 

The classification criteria given in the original WAAVP recom-
mended methods for detecting anthelmintic resistance (Coles et al., 
1992) were as follows: drug efficacy is classed as reduced when esti-
mated mean FECR is < 95 % and the lower limit of the 95 % CI is < 90 
%; as suspected when either the mean FECR is < 95 % or the lower limit 
is < 90 %, and as normal when the mean FECR is ≥ 95 % and the lower 
limit ≥ 90 %. Two features of these criteria are of particular note: firstly 
that the upper 95 % CI was entirely ignored, and secondly that there is 
inconsistency in the classifications within typology 2 in that a classifi-
cation of suspected may arise based on no real evidence of anthelmintic 
resistance. The practical consequence of using these criteria for small 
sample sizes is therefore that resistance would be declared in almost all 
situations where the observed efficacy was less than 95 %, which ren-
ders inclusion of the 95 % CI in the classification decision somewhat 
moot. While subsequent recommendations by El-Abdellati et al. (2010) 

and Geurden et al. (2015) seemed to be more useful in practice than the 
original classification criteria of Coles et al. (1992), no statistical justi-
fications were given for any of these classification methods. 
Re-examination of previous classification systems illustrate that the 
classifications provided by Coles et al. (1992) and El-Abdellati et al. 
(2010) fail to distinguish between conclusive evidence for resistance and 
a lack of evidence for susceptibility, which has most likely generated a 
large number of false positive classifications of resistance in the pub-
lished literature. Adoption of the classification system that we have 
outlined will reduce the occurrence of false positives in declarations of 
resistance from future studies, which will have an important positive 
impact on worldwide surveillance for anthelmintic resistance. This 
framework also provides a statistical basis upon which properties of 
different analysis methods and study designs can be examined in terms 
of the likely outcome of the FECRT, as has previously been done for 
other classification criteria (e.g. Levecke et al., 2018). 

A key feature of the classification system advocated here is that it is 
no longer necessary to calculate an observed mean reduction in order to 
classify the result of a FECRT. This may seem surprising given the 
longstanding reliance on these calculations for interpreting FECRT 
within the veterinary parasitology literature, but eliminating the 
observed mean reduction from the classification framework has a strong 
statistical justification (Denwood et al., 2019), and can also be advo-
cated based on our examination of the ten theoretical typologies. This 
approach also has the practical benefit that there is no need to specify a 
precise method of calculation for the observed mean reduction. How-
ever, presentation of the observed geometric and/or arithmetic mean 
reduction may be encouraged for descriptive purposes. 

The more important aspect of interpreting the results of a FECRT is 

Fig. 3. The relationship between sample size 
and statistical power for the tests for resistance 
(top) and susceptibility (middle), and the rela-
tionship between sample size and required pre- 
treatment mean number of eggs counted based 
on the requirement of minimum 80 % power 
for both tests (bottom). Dotted lines show the 
minimum required sample sizes corresponding 
to 80 % power (top and middle) and a mean 
number of eggs counted of 40 (bottom). Simu-
lation parameters are based on those suggested 
for cattle with target efficacy of 99 % and lower 
efficacy thresholds of 95 % & 90 % for research 
and clinical versions, respectively.   
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calculation of statistical confidence. This can take the form of CI (or, 
equivalently, credible intervals) as calculated using either one of the 
available simple calculation methods (Coles et al., 1992; Levecke et al., 
2014; Pepper et al., 2003), non-parametric bootstrapping (Vidyashankar 
et al., 2007), frequentist likelihood-based methods (Odden et al., 2018), 
or Bayesian statistical models fit using Markov chain Monte Carlo 
(Denwood et al., 2010; Fischer et al., 2015; Geurden et al., 2015; Paul 
et al., 2014; Peña-Espinoza et al., 2016; Torgerson et al., 2014; Wang 
et al., 2018). The advantage of the Bayesian approaches is that they are 
able to generate confidence intervals even when the observed efficacy is 
100 %, which is not currently possible with other commonly available 
methods of analysis (Denwood et al., 2010). The Bayesian method of 
Dobson et al. (2012) is also able to calculate CI for FECRT with 100 % 
observed reductions, although it has also been shown to generate 
inappropriately narrow confidence intervals and should therefore not be 
used (Denwood et al., 2019; Levecke et al., 2018). Computationally 
intensive Bayesian methods can also be used to fit more complex models 
to FEC or FECRT data, including those involving zero-inflated distribu-
tions (Denwood et al., 2008; Wang et al., 2018), more complex 
time-dependent structures (Corbett et al., 2014; Mair et al., 2015), or 
hierarchical grouping structures (Denwood et al., 2012; Peña-Espinoza 
et al., 2016). An analysis tool using this method has also been made 
publicly available for general use in the form of the eggCounts package 
(Torgerson et al., 2014; Wang et al., 2018). We note that these methods 
have historically been used to generate 95 % CI, which we have noted is 
equivalent to a two-tailed test with 2.5 % probability in each of the tails. 
However, we follow Denwood et al. (2019) in noting that Type I errors 
from the tests for resistance and susceptibility are mutually exclusive: 
this phenomenon is illustrated graphically in Fig. S1 (top plot) where it 
can be seen that a particular EP value is either associated with a Type I 
error rate for resistance or susceptibility, but never both. We therefore 
recommend that 90 % CI are used to maintain an overall false positive 
rate of 5 % for the combination of tests, which will require minor 
modification to the currently available software. An alternative 
approach based on a Beta Negative Binomial (BNB) distribution has also 
been developed that combines the advantages of computational 
simplicity with the ability to analyse FECRT with 100 % observed 
reduction (Denwood et al., 2019). This BNB method uses a pair of sta-
tistical tests for inferiority and non-inferiority with 5 % Type I error rates 
in place of 90 % confidence intervals, and is therefore tightly aligned 
with the classification framework presented here. This analysis method 
is also used within the power calculation algorithms discussed, which 
enables an automatic check of the anticipated Type I error rate associ-
ated with the BNB method to be made as a secondary benefit of per-
forming the power calculations themselves. These methods have been 
also made freely available as an online tool via https://www.fecrt.com. 

A core feature of our statistical framework is the use of a non- 
inferiority test to establish susceptibility. Although the concept of non- 
inferiority testing is likely to be unfamiliar to some veterinary parasi-
tologists, this method is used regularly for related problems within the 
medical domain (Dunn et al., 2018). This approach requires the 
collection of positive evidence that the population efficacy is sufficiently 
close to the desired efficacy in order to justify a classification of sus-
ceptible. One previous approach used classification criteria that required 
the lower confidence interval to be greater than the expected efficacy in 
order to classify the outcome as normal (El-Abdellati et al., 2010). If the 
expected efficacy is to be based on the true efficacy of the drug for a 
susceptible population of parasites, then this approach requires an 
impractically high burden of proof to be able to establish susceptibility. 
In contrast, our non-inferiority test approach is specified so that it can, in 
principle, allow a susceptible classification to be determined for popu-
lation efficacies that are exactly equal to the expected efficacy. One 
complication with introducing the non-inferiority test is that we must 
then specify an appropriate non-inferiority margin. We recommend that 
this non-inferiority margin should be based on the minimum reduction 
in efficacy that the FECRT is powered to detect, in order to obtain 

symmetry between the tests for resistance and susceptibility. This also 
allows the non-inferiority margin to vary between studies by trading off 
the ability to detect a small reduction in efficacy (as would be appro-
priate for a protocol used in a research project) against the practical 
benefits of requiring a smaller sample size (as would be appropriate for a 
protocol used for a clinical farm-based measure). We refer to the 
parameter region between TL and TE as the grey zone, which reflects the 
range of EP values within which the classification of inconclusive will 
occur commonly. Recommendations for appropriate non-inferiority 
margins for specific applications are given by (Kaplan et al., in Prep). 

The final, and arguably most important, output of the work pre-
sented here is a flexible method for determining the necessary sample 
size for a FECRT, as well as the associated parameter estimates that are 
required to perform these sample size calculations in a range of parasite 
species in livestock. These parameter estimates are derived from 131 
datasets, which represents a large collection of data including every-
thing that is available to the authors. However, one substantial limita-
tion was the lack of post-treatment data availability for pigs, and the lack 
of data in general for Ascaris and Trichuris. We hope that future studies 
will further add to this knowledge by reporting estimates for k1, k2 and 
c12 as part of published work, and recognise that future contributions to 
the available evidence will necessitate re-calculation of the recom-
mended sample sizes illustrated here. Although we found a generally 
good empirical fit to the negative binomial distribution for these data, 
further examination of distributional assumptions is also warranted in 
future work, particularly where this relates to methods of analysing 
FECRT datasets. Our method of performing sample size calculations 
based on simulated data is less affected by these issues of distributional 
fit, but the framework can be modified to use other distributional as-
sumptions relatively easily if desired. Regarding parameterisation of 
FECRT studies, we follow previous authors in considering the number of 
eggs counted rather than the EPG and multiplication factor individually 
(Levecke et al., 2018), which represents a major step forward in terms of 
reducing unnecessary complication when considering the effect of these 
parameters on the necessary sample size. We also follow previous au-
thors in the use of simulation as the basis of these sample size calcula-
tions (Levecke et al., 2018, 2015), but our approach differs from earlier 
work in two important respects: (1) our statistical model is defined 
within a consistent hypothesis testing framework with a formal defini-
tion of power and therefore has a clear and rigorously defined objective 
function; (2) our implementation uses computationally efficient C+ +

code and can therefore be used to generate sample size calculations 
interactively. The near-real-time availability of power estimates for any 
hypothetical study design allows calculations to be made for arbitrary 
user-specified parameters in a manner that is analogous to standard 
methods of determining sample size for estimating differences in pro-
portions for dichotomous data or means for continuous data (e.g., Kane, 
2019). Our analysis of existing datasets provides estimates of the ex-
pected mean and variability in the eggs counted within the specific host 
and parasite population being studied that are required to tailor sample 
size calculations to specific situations. We account for the fact that the 
variance structure may change as a result of treatment (Peña-Espinoza 
et al., 2016), as well as the presence of within-animal correlation that 
describes the non-independence of samples taken from the same animal 
(Geurden et al., 2015). Previous work in horses suggests that approxi-
mately 1/3 of the total sample-level variability observed in EPG between 
equine faecal samples (i.e., true variability rather than that introduced 
by the counting process) is due to variation between samples from the 
same horse, with 2/3 due to variation between horses (Carstensen et al., 
2013; Denwood et al., 2012). However, this is not likely to be true for all 
host/parasite systems. For sample size calculations to be appropriate, it 
is therefore necessary to use the estimates of k1, k2, and c12 (provided in 
Table S2) that are appropriate for the host and parasite being studied. 
Despite the limited availability of data for pigs, we are also able to 
provide estimates for Oesophagostomum, although we were not able to 
obtain valid estimates for Trichuris and Ascaris due to the lack of 
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published data. We therefore recommend that future publications 
routinely provide estimates of k1, k2, and c12, and thus progressively 
improve the evidence base for future studies. 

In conclusion, the statistical framework presented here provides a 
fully evidence-based approach to classifying the results of FECRT and 
determining appropriate sample sizes for prospectively planned FECRT 
with specific biological characteristics corresponding to different host- 
parasite systems. This represents a major step forward in terms of the 
ability to meaningfully plan FECRT studies and interpret the resulting 
data in a statistically coherent manner. The work presented here forms 
the basis of the sample size recommendations given in the upcoming 
WAAVP guidelines for diagnosing anthelmintic resistance using the 
FECRT in ruminants, horses and swine (Kaplan et al., in Prep). 
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