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The aim of this study was to compare count regression models to identify the best model and
evaluate the effect of year, season, parity and litter size of sows at farrowing on the number of
mummified fetuses per litter. Data from a commercial production unit in Yucatan, Mexico were used.
Management and feeding of the animals were typical of the region. Poisson, negative binomial, zero-
inflated Poisson (ZIP), zero-inflated negative binomial (ZINB) and normal distribution regression
models were evaluated and their goodness-of-fit was compared. Among the 1689 litters 60.27% had
zero mummies. The mean number of mummies was 0.649+1.028 for litter for data including zeros
and 1.634+1.025 for data with at least one mummified fetus. The ratio of the Pearson Chi-square
value/degrees of freedom was significantly different from 1 for Poisson, negative binomial and
ZIP models, indicating overdispersion (variance> mean) of the trait studied. However, the ZINB
model indicated no overdispersion (P=0.0684). The ZINB model was considered the best model
based on log likelihood, AIC and BIC. The significance of factors varied according to the model
used. Furthermore, Poisson models had minor standard errors and in consequence tended to reject
the null hypothesis more easily than negative binomial models. Under the ZINB model, year and
parity number had significant effects on the number of mummified fetuses per litter (P<0.05). In
conclusion, parity number was an important risk factor associated to the number of mummified
piglets. The best model that describes the number of mummified piglets was the zero inflated
negative binomial regression procedure.
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The presence of mummified piglets in the litter causes significant economic losses
in pig production units. Therefore, it is important to identify risk factors associated
to it. However, the use of inappropriate statistical models could influence the results.
Count data are commonly used to describe animal production traits, such as litter size,
number of stillborn piglets, mummified fetuses, number of oocytes collected, preantral
ovarian follicles etc. During statistical analysis of observational or experimental data,
different procedures are applied, such as the analysis of variance, non-parametric,
logistic and Poisson regression [Borges et al. 2005, Espitia and Galindez 2011, Segura
and Solorio 2013, Silva-Santos et al. 2014]. Count data, however, do not follow normal
or binomial distribution and consequently the application of models that use such
distributions may produce bias and loss of information [Agresti 1996]. Furthermore,
linear regression is not an appropriate analytical method for count data due to skewed
distribution and overdispersion (variance greater than the mean). The categorisation
of count data into binary type data to be used in chi-square and logistic regression
procedures is expected to lead to loss of information and incorrect inferences.

Discrete distributions such as the Poisson, negative binomial, zero inflated Poisson
and zero inflated negative binomial distributions are applicable in modelling count data
that take positive integer values and where the data are obtained from counting rather
than ranking [Cameron and Trivedi 1998]. In view of the inconvenience of treating
count data as continuous or binomial data, Poisson regression or negative binomial
regression are used to model such data [Tani ef al. 2016]. However, the probability
of zeros based on those distributions may not account for excess zero counts, which
could be the case for the number of mummified fetuses per litter or other excess zero
traits. In such a case, ignoring excess zeros will bias the estimation of parameters
[Cheung 2002]. Zero-inflated regression models consider the evaluation of the data
as a two-part analysis, an all-zero subset and another subset following the Poisson or
negative binomial distribution. Some studies indicate that zero-inflated models are
the best to solve the issue of excess zeros in human and animal health [Denwood et
al. 2008, Rose et al. 2006 Kipnis ef al. 2009]. However, to the best of the authors’
knowledge, only one paper applied zero inflated methodology to describe the number
of piglets dead in the litter [Varona and Sorensen 2010].

The objectives of this study were to compare the Poisson, negative binomial,
zero-inflated Poisson and zero-inflated negative binomial regression procedures to
detect the best model and evaluate the effect of year, season, parity and litter size of
sows at farrowing on the number of mummified fetuses per litter.

Material and methods

Data on the number of mummified fetuses per litter from a commercial production
unit in Yucatan, Mexico were used. Data were obtained from the 2011 to 2014 records
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registered in an electronic recording system (PigCHAMP ®). The production unit was
a one-site farm with the capacity for 220 sows.

Both artificial insemination and natural mating were carried out for reproduction
purposes. Estrus detection was at 6:00 and 18:00 h every day using a boar and sows
were inseminated at 12 to 18 h, after estrus had been diagnosed. Sows were fed
commercial diets based on the stage of production. Young sows were provided 2.6
kg/day of feed with 3,000 kcal EM/kg, 16% crude protein and 0.8% lysine, whereas
adult sows received 3.2 kg/day of feed. Replacements gilts were obtained from the
same farm.

Statistical analysis

The information used for the study included sow identification, sow parity number,
date of farrowing, litter size (total number of piglets born) and number of mummified
fetuses per litter. Potential risk factors in the model to describe the response variable
included year of farrowing, season of farrowing, parity number (1 to 7) and litter size
(as a continuous covariate).

The Poisson, negative binomial, zero-inflated Poisson (ZIP) and zero-inflated
negative binomial (ZINB) regression models were used and their goodness-of-fit
was compared. In addition, in some papers count data are analysed using models
assuming normal distribution, arguing robustness of that procedure, therefore a model
with normal distribution was also evaluated. The presence of overdispersion of the
data was tested. The regression models evaluated in this study are suitable for count
data, but ZINB was expected to provide a better goodness of fit for the information
on mummified fetuses. The models that described the number of mummified fetuses
(y) were:

The Poisson and negative binomial regression models correspond to the Poisson
and negative binomial sections of the ZIP and ZINB models given below.

The ZIP regression model is a two-section model, consisting of a binary and a
count model section to account for excessive zeros in the response variable.
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Similarly, the ZINB model refers to a two-section model including an all-zero
section and a section following the negative binomial distribution. The probability
density function of the ZINB model is:
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where: 7. is the zero inflated probability, u is the mean of the number of mummified
fetuses and k is the dispersion parameter. The Ln and logit link functions were used
for parameters p and ..

In the logit part of the zero-inflated models, the explanation of regression
coefficients is equal to those in standard logistic regression models. In the Poisson or
negative binomial (NB) sections, the explanations are equal to the traditional Poisson
or negative binomial regression models (i.e. as rates or means).

In this study the SAS version 9.4 (2012) was used to construct the regression
models. The goodness of fit for the models was assessed by the Akaike information
criterion (AIC), Bayes Information criterion (BIC) and likelihood ratio tests. In
addition, the ratio of Pearson chi-square/degrees of freedom was used to identify
overdispersion. AIC and BIC are penalised likelihood criteria used to select best
predictor models in regression. In both criteria the model with the lowest values is the
best. For the likelihood ratio test the greatest its value, the best is the model.

Results and discussion

The percentage of mummified fetuses per litter is shown in Figure 1. Among the
total of 1689 litters, 60.27% had zero mummies (no mummified fetus in the litter) and
it did not follow a normal distribution according to the Shapiro-Wilk test. The average
number of mummies was 0.649+1.028 for data including zeros and 1.634+1.025 for
data with at least one mummified fetus.

Based on the model fit criteria (log likelihood, AIC and BIC), the best model that
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Fig. 1. Percenages of mummified fewtuses per litter in a production unit in the tropics.

described the number of mummies per litter in this study was the ZINB model (Tab. 1).
It was followed by the negative binomial model. The worst model fit was found for the
one with the normal distribution. The ratio of the Pearson Chi-square value/degrees
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Table 1. Fitting goodness statistics of regression models and significance of

over-dispersion

Model lik;ii(;lgoo d AlIC BIC Valor/df P value
Poisson  -1414.9 3634.1 3704.7 1.4156 0
Poisson  -1414.9 3634.1 3704.7 1.4156 0
NB -1373.3 3552.9 3698.9 1.0613 0.0399
ZIP -1363.8 3558.0 3699.2 1.0993 0.0027
ZINB -1747.6 3549.1 3695.8 1.0521 0.0684
Normal  -2348.8 4725.7 4801.7 1.0078 0.4069

AIC — Akaike’s information criterion; BIC — Bayesian information criterion;
NB — Negative binomial; ZINB — Zero-inflated negative binomial; ZIP — Zero-
inflated Poisson.

of freedom was significantly different from 1 for the Poisson, negative binomial and
ZIP models indicating overdispersion (variance> mean) in the trait studied. The ZINB
model showed no overdispersion (p=0.0684), as it was found for the normal model
(0.4069). The ZINB model fitted the data better than the ZIP model, because the
ZINB and negative binomial models take account of overdispersion. Some studies,
in areas of knowledge other than animal production, report that the ZINB model is
better for count data when compared to the Poisson models [Akram et al. 2006; Rose
et al. 2006, Akinpelu et al. 2016, Xu et al. 2017]. Zero inflated models evaluate the
influence of risk factors on the number of mummified fetuses checking the rate of the
number of mummies per litter (count section) and the excess of zeros (litters with no
mummified fetuses; logit section).

Regression coefficients by risk factors studied for the models evaluated are
shown in Tables 2 and 3. An important thing was that the significance of factors
varied depending on the model used. For the best model (ZINB, count section) and
ZIP model (count section) only litter size had an influence on the rate of mummified
fetuses. However, the Poisson model showed also the effect of year and season of
farrowing and the negative binomial of season. The Poisson, negative binomial and
ZIP models had minor standard errors and in consequence have minor p values, which
in turn tended to reject the null hypothesis more easily than the ZINB model. With
respect to the zero section of the zero inflated models and logistic model the; ZINB
gave similar results to ZIP (year and litter size effects); in contrast, the logistic model
indicated, in addition, the effect of season. Based on the recorded results a comparison
of the effect of the risk factors studied here with those reported in the literature was
made based on the ZINB model results.

The lack of year of farrowing effects on the number of mummies per litter
agrees with the results of Rico and Gomez [1982], but is not consistent with those of
Espitia and Galindez [2011], who using normal distributed regression models found
a significant effect of year on the rate of mummies per litter (number of mummies
per litter x 100 /litter size). Year is a factor commonly found to be significant, but it
is not of biological interest. Season, on the other hand, did not influence the number
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Table 2. Coefficientststandard errors for the Poison, negative binomial and normal
distributed regression models for number of mummified fetuses in pigs

Factor Poisson Negative binomial Normal
Year of farrowing 0.0281 0.0559 0.2040
2011 -0.3136+0.1065 -0.3274+0.1241 -0.1628+0.0763
2012 -0.0526+0.0831 -0.0155+0.0994 -0.0310+0.0660
2013 -0.0726+0.0789 -0.0684+0.0940 -0.00494+0.0626
2014 0.0000+0.0000 0.0000+0.0000 0.0000+0.0000
Season of farrowing 0.0006 0.0038 0.0058
1 0.2522+0.0806 0.2511+0.0949 0.1598+0.0609
2 0.2780+0.0786 0.2918+0.0931 0.1734+0.0591
3 0.0000+0.0000 0.0000+0.0000 0.0000+0.0000
Parity number 0.1024 0.1732 <0.0001
1 -0.1045+0.1414 -0.1116+0.1782 -0.2018+0.01320
2 -0.2540+0.1457 -0.2764+0.1820 -0.2721+0.1328
3 -0.2812+0.1449 -0.3053+0.1822 -0.2775+0.1344
4 -0.3730+0.1488 -0.4214+0.1877 -0.3205+0.1375
5 -0.1977+0.1551 -0.2557+0.1959 -0.2007+0.1455
6 -0.2048+0.1701 -0.2073+0.2122 -0.2293+0.1537
7 0.0000+0.0000 0.0000+0.0000 0.0000+0.0000
Litter size 0.1605+0.0102 0.1622+0.0124 0.0919+0.0778

Table 3. Coefficientststandard errors for the Zero inflated Poisson (ZIP) and Zero inflated negative binomial

(ZINB) regression models for the number of mummified fetuses in pigs

Factor ZIP count ZIP zero ZINB count ZINB zero
Year of farrowing* 0.0747 0.0023 0.3720 0.0429
2011 -0.0288+0.1491 0.6819+0.3221 -0.0287+0.1705 0.9054+0.4614
2012 -0.3004+0.1281 -1.1028+0.5637  -0.2452+0.1467 -1.4258+1.1309
2013 -0.2029+0.1133 -0.4369+0.3220  -0.1805+0.1286 -0.4988+0.4915
2014 0.0000+0.0000 0.0000+0.0000 0.0000+0.0000 0.0000+0.0000
Season of farrowing* 0.4423 0.5574 0.4770 0.7269
dry 0.1258+0.1236 -0.3462+0.3312 0.1482+0.1368 -0.3830+0.4900
rainy 0.1669+0.1334 -0.3383+0.3657 0.1801+0.1581 -0.4051+0.6098
windy 0.0000+0.0000 0.0000+0.0000 0.0000+0.000 0.0000+0.0000
Parity number* 0.0717 0.5532 0.1319 0.6571
1 0.0856+0.1923 0.0856+0.6210 0.0046+0.2216 0.5522+0.9188
2 -0.2604+0.2016 -0.2604+0.6569  -0.3015+0.2366 -0.0142+0.9961
3 -0.3041+0.2006 -0.3041+0.6778  -0.3769+0.2295 -0.3951£1.0716
4 -0.2954+0.2039 -0.2954+0.7101 -0.3455+0.2404 0.2434+1.1137
5 -0.1187+0.2007 -0.1187+0.6926  -0.1465+0.2271 0.5107+0.9803
6 -0.1586+0.2592 -0.1586+0.8506  -0.2226+0.2956 0.0477+1.3744
7 0.0000+0.0000 0.0000+0.0000 0.0000+0.0000 0.0000+0.0000

Litter size

0.1057+0.0165

-0.1886+0.0450

0.1107+0.0178

-0.2331+0.0585

*Values in this row correspond to p values of the factor.

of mummified fetuses, which agrees with the observations reported by Espitia and
Galindez [2011]. However, Segura et al. [2013] mentioned that high temperatures
during the dry season could be the cause for an increase in the number of dead and
mummified fetuses.

In this study parity number had no effect on the number of mummified fetuses.
In contrast, Spotter and Distl [2000] indicated higher mortalities in sows with 4 to 6
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farrowings due to an increase of litter size, which could have increased the probability
of a greater number of dead and mummified fetuses. In addition, Pedrosa et al. [2000]
and Espitia and Galindez [2011] found an association of parity number of the sow
and percentage of mummies in the litter. The discrepancy between studies may be
due to variations between regions and management systems, but also to the inequality
regression models using different distributional assumptions. As mentioned before,
inappropriate models could provide different significant results for the factors studied.

The effect of litter size, found in all the models used in this study, emphasises the
importance of this factor for the number of mummified fetuses. Here, the natural log
of the number of mummies was predicted to increase 0.1107 (ZINB model) times
per each extra piglet in the litter, while in terms of relative risks it was an 11.7%
(exp(0.1107)) increase in the number of mummies per each extra piglet in the litter.
Similarly, Espitia and Galindez [2011], using linear regression, reported a significant
effect of litter size and found a regression coefficient of 1.09%. They interpreted this
result as an increase of 1.09% mummified fetuses per each extra piglet in the litter
above the mean. The increase in the number of mummies with an increase in litter size
could be explained by the limited space in the uterus and nutrients available per fetus,
which diminish as the litter size increases [Johnson et al. 1999].

The logit part of the ZINB model showed that year and litter size were significant
risk factors for the occurrence of mummies. As the litter size increased, the probablity
of the occurrence of at least one mummy in the litter decreased (-0.2091+ 0.0188). In
the logistic regression model (Tab. 4) year, season and litter size were associated with
increased probabilities of one or more mummies in the Therefore, categorising the
count data could lead to different results and as a consequence logistic regression may

Table 4. Logistic regression coefficients for some risk factors on the presence of at least one
mummified fetus in the litter

Factor Beta EE OR 95%CI(OR)

Year of farrowing
2011 0.4851 0.1783 1.624 1.145,2.304
2012 -0.2535 0.1449 0.776 0.584, 1.031
2013 -0.0962 0.1387 0.908 0.692, 1.192
2014 0 . 1. .

Season of farrowing 0.0018
dry -0.3658 0.1367 0.694 0.531, 0.907
rainy -0.4516 0.1330 0.637 0.491, 0.826
windy 0 . .1 .

Parity number 0.7004
1 0.4854 0.2905 1.625 0.920,2.871
2 0.4046 0.2929 1.499 0.844,2.661
3 0.4249 0.2958 1.529 0.857,2.731
4 0.5681 0.3028 1.765 0.975,3.195
5 0.4499 0.3198 1.568 0.838.2.935
6 0.4171 0.3374 1.518 0.783,2.940
7 0 . 1. .

Litter size -0.2091 0.0188 0.811 0.782.0.842
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not be an appropriate model for count outcome studies. Segura-Correa et al. [2013]
using logistic regression found a significant effect of farm, year, season, parity and
litter size on the presence of mummies in the litter.

According to Xu et al. [2017], the limitations to analyse count data are related with
the lack of upper limits of data with the Poisson or negative binomial distributions.
However, in animal production and animal health datasets the response count variables
always have an upper limit. In this study, the variable number of mummies ranged
from 0 to 7, which did not show a wide distribution of the data. This might be a reason
for the poor goodness of fit for the Poisson and negative binomial models. Secondly,
some risk factors could be confounded, such as parity and litter size. However,
regression models are expected to adjust for a given factor, keeping the other factors
constant.

Conclusion

Based on the test for overdispersion and goodness of fit criteria for the regressions
models used the ZINB model described better the number of mummified fetuses per
litter in sows under the tropical conditions of this study. Based on the ZINB regression
model litter size was the most important factor influencing the number of mummified
fetuses.
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