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Summary

Feed intake and associated traits like feed conversion are important characteristics in
pig breeding and feed stations are in use for individual feed intake. Missing data may arise
due to various known and unknown causes. Here we assess the performance of imputation
methods and the subsequent impact on estimates of genetic parameters. Complete data on the
daily feed intakes of 1224 boars, with a test period of 114 days, were available from feed
stations. The scenarios of missing data reflected real practices, i.e., due to system noise,
animal size, or logistics, each with three levels. The imputation methods included mean
imputation (MEAN), linear regression imputation (REGR), and multiple imputation chained
equation (MICE). The MEAN method was inferior in most scenarios. Across all scenarios,
the MICE and REGR methods yielded very similar results on imputation accuracy and
estimated genetic parameters.
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Introduction

Feed intake and associated traits like feed conversion are important characteristics for
pigs, and for all livestock species in general. Feed costs represent about 60% of the cost of
production in pig farming. An important goal in pig breeding is to breed for more efficient
pigs, i.e., more kg animal protein per kg feed. In order to do this, individual feed intake is
measured using feed stations. These feed stations register the individual visits and record the
feed intake per visit. From these records the total feed intake over the test period is derived.
This total feed intake is then used for the calculation of daily feed intake, feed conversion and
residual feed intake. Missing data may be augmented with simple methods such as mean
imputation or regression-based imputation. However, both have statistical flaws, i.e.,
introducing bias or muting the original uncertainty in the trait values. The use of multiple
imputation aims to overcome these flaws and thereby better represent the (un)certainty and
characteristics in the data.

The objective of this study is to empirically test the multiple imputation approach called
MICE (Van Buuren & Groothuis-Oudshoorn, 2011) to be a more reliable and unbiased
method of imputation to derive total feed intake over a given period. In modern pig breeding,
data on feed intake are available for pigs on different trajectories, but most often between 25
and 130 kg live weight. For the empirical test, different scenarios of missing proportions and
patterns are considered. In missing data literature, three different missing data mechanisms
are distinguished: missing completely at random (MCAR), missing at random (MAR) and
missing not at random (MNAR) (Rubin, 1989). For all scenario by imputation method
combinations, we applied a subsequent genetic analysis to obtain variance components and

mailto:marco.bink@hendrix-genetics.com
mailto:marco.bink@hendrix-genetics.com
mailto:marco.bink@hendrix-genetics.com


Proceedings of the World Congress on Genetics Applied to Livestock Production, 11.776

breeding values to assess impact on animal breeding decisions.

Material and methods

Data on animals’ feed intake

Feed intakes of 1224 Large White boars were available over a test period of 114 days using
feed stations. There was variation in the animals’ age when entering the test period and the
age range of the test period was between 57 and 200 days. The feed stations data were already
accumulated into daily feed intake records (~140k records). Mean age and feed intake for this
period were 128 days and 2370 grams respectively. HYPOR BV, a subsidiary of Hendrix
Genetics BV (Boxmeer, Netherlands) supplied all data including 3103 pedigree records.

Realistic scenarios of missing data

Based on real-world situations we deteriorated the complete data by inserting missing values
to simulate three missing data scenarios (see also Figure 1), i.e.

1. NOISE: Randomly missing values due to system noise (levels: 5%, 20%, and 50%);
2. SIZE: Missing values due to physical issues such as animal size. Here size was

approximated by animal age brackets (10 days of missing records at early test age ’72
days’, mid test age ‘130 days’, and late test age ‘183 days’)

3. GATE: Missing values due to logistics. Here, this was simulated as a switch gate
system, where animals had access to a feed station only during a certain time interval
(switch every 7, 14 or 60 days). Note that the 60 days switch implies that animals
were measured either the first half (drop out) or the latter half (drop in) of the test
period.

The first scenario pertains a MCAR case, where the probability for missing data is not related
to any measured or unmeasured characteristic. Thus, the observed data is a completely
random subsample of the complete data. The other scenarios are MAR, where the probability
for missing data is related to other measured variables. In the SIZE scenario, the probability
for missing data is related to physical characteristics of the animal. Accordingly, given the
physical characteristics of the animal, the missing data are random. In the GATE scenario,
time determines the probability for missing data. Furthermore, from a statistical modelling
perspective, we may distinguish two kinds of missing data. Firstly, missing records can occur
between the first feed-intake measurement and the last feed intake measurement
(intermittent); and secondly missing records can occur between the first day on test and the
first feed intake measurement (all missing; “drop-in”) or between the last feed intake
measurement and the last day on test (all missing; “drop-out”).

Missing data mechanism

In a missing data analysis, we evaluate the correlation between feed intake and other observed
data to assess whether the probability for missing data can be related to observed factors in
the data. Accordingly, a missing at random mechanism was assumed (Rubin, 1976).

Imputation Methods



Proceedings of the World Congress on Genetics Applied to Livestock Production, 11.776

Mean Imputation (MEAN)
An elementary method of imputation is via averaging over all values that were observed at
the same time point. This methods fully ignores the between animals’ variation in feed intake.

Imputation via linear regression (REGR)
The linear regression imputation accounts for the between animals’ variation and regresses
imputed values on the observed values at various other time points. For each animal, the
imputation is based solely on its observed values.

Multiple Imputation by Chained Equations (MICE) method
In multiple imputation the missing values are replaced with multiple plausible values (Van
Buuren & Groothuis-Oudshoorn, 2011). This results in multiple complete datasets with
different imputed values in each set. Subsequently, each of these datasets is analyzed and
these analysis results are pooled into a final analysis result by Rubins rules (Rubin, 1987).
The plausible values that are imputed are estimated from the observed data as specified in the
imputation model. In general, the imputation model is a regression model that utilizes the
observed data to predict the imputed values for the missing feed intake entries, i.e.,

With

, and ,

where β0j is a random animal-specific intercept and β1j is a random slope for age. The β2-4 are
regular regression coefficients where sex, farm, and breedcode are redundant in the dataset at
hand. Parameters γ00 and γ10 are overall coefficients (intercept and age), and parameters µ0j
and µ1j are random variations for the jth animal.

Figure 1. Three patterns of missing data on daily feed intake (top row), i.e., missing due to
random system noise (NOISE), age related animal size (SIZE), and switch gate
logistics (GATE). For each pattern of missing data the feed intake of one particular
animal is depicted (bottom row) where three methods (MICE, MEAN, REGR) of
imputation were applied.

In order to account for the correlation of feed intake within animals, multilevel multiple
imputation was used, where the animal id number was included as the second level variable.
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We fitted age as a random effect and we used predictive mean matching to obtain imputed
values that are close to the observed data. In predictive mean matching, the predicted
estimates for feed intake are calculated from the multilevel model. For each missing feed
intake entry a set of five candidate donors are selected from the complete cases that have
predicted values close to the predicted value for the missing feed in take entry. A random
draw is made among these five candidate donors and the observed value from the selected
donor is taken to replace the missing feed intake entry. Accordingly, the imputed data follows
the same distribution as the observed data (Van Buuren, 2012). For this study, we generated
20 imputed datasets based on the average percentage of missing data (Bodner, 2008). The
pre- and post-processing of datasets and results was done with R scripts (R Core Team, 2013).

Performance indicators

Imputation Performance The first indicator to compare performance of the imputation methods
was the estimated correlation between imputed values and masked original feed intake values.
Genetic parametersWe studied the impact of imputation on genetic parameters via a later
analysis of variance components and estimation of breeding values. We performed all genetic
analyses with the DMU software (Madsen & Jensen, 2013). We compare heritability
estimates of the original complete data with those obtained from the imputed datasets of the
various scenarios and methods. In addition, we studied the correlation and bias in estimated
breeding values. We subdivided the total test period (P0) into four intervals of 28 days each
(P1-P4) to study potential differences in impact of missing data during the test period.

Results

Imputation performance

The correlation estimates were always relatively low for the MEAN imputation method
(Table 1) with very low values in the NOISE scenario. The REGR method most time yielded
correlation estimates that were somewhat higher than those obtained from the MICE method.
This was also expected as the MICE method aims to account for observed variation in the
original data while the REGR method imputes a linear model based expected value that
ignores variance.

Table 1. Correlation estimates of three imputation methods (MICE, MEAN, and REGR) for
three scenarios of missing data (system NOISE, animal SIZE, and switch GATE
logistics), over the whole period.(1)

NOISE SIZE GATE
5 520 50 72 130 183 7 14 60

MICE 0.50 0.62 0.43 0.77 0.77 0.77 0.76 0.75 0.50
MEAN 0.17 0.05 0.05 0.61 0.61 0.61 0.61 0.61 0.62
REGR 0.51 0.65 0.45 0.78 0.78 0.78 0.77 0.75 0.47
(1) The standard errors were very similar across methods and on average equal to 0.009, 0.004, 0.003

(NOISE); 0.013, 0.009, 0.020 (SIZE), and 0.003 0.003, 0.003 (GATE).

Table 2. Estimates of heritability and scaled phenotypic variance for feed intake during total
test period (P0) and four subsequent intervals (P1-P4) for three methods of imputation
(MICE, MEAN, and REGR) with three scenarios of missing data (system NOISE,
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animal SIZE, and switch GATE logistics). Each scenario of missing data comprised
three alternatives and the averaged estimates are given. The average across scenarios is
given by column ALL.

    Heritability1,2   Scaled phenotypic variance3

    NOISE SIZE GATE   ALL   NOISE SIZE GATE   ALL

P0

MICE 0.30 0.30 0.27 0.29 99 100 140 113

MEAN 0.30 0.30 0.27 0.29 61 92 30 61

REGR 0.30 0.30 0.26 0.29 101 100 159 120

P1

MICE 0.28 0.26 0.17 0.24 103 104 386 197

MEAN 0.27 0.26 0.22 0.25 65 94 47 69

REGR 0.28 0.26 0.16 0.24 106 105 486 232

P2

MICE 0.23 0.22 0.23 0.23 92 98 151 114

MEAN 0.20 0.21 0.18 0.20 62 95 44 67

REGR 0.23 0.22 0.23 0.23 92 98 174 121

P3

MICE 0.31 0.30 0.27 0.29 90 97 96 94

MEAN 0.29 0.29 0.24 0.28 60 89 36 62

REGR 0.30 0.30 0.27 0.29 92 97 102 97

P4

MICE 0.24 0.23 0.18 0.22 93 100 114 102

MEAN 0.22 0.23 0.15 0.20 63 96 42 67

  REGR 0.24 0.23 0.18   0.22   98 100 128   109
1 The standard errors on heritability estimates were very similar across scenarios and methods, i.e.,

0.08 to 0.09, except for scenario GATE in P1, P2, and P4 with a range from 0.05 to 0.07.
2 Heritability estimates for the original complete feed intake data were for the whole period and period

P1, P2, P3, and P4, equal to 0.30, 0.28, 0.22, 0.30, and 0.23, respectively.
3 Phenotypic variance for the original complete feed intake data were for the whole period and period

P1, P2, P3, and P4, equal to 95880, 68731, 109641, 177548, and 261058 respectively.

Genetic parameters estimates

The estimated heritability of the complete data over the whole period (P0) and period P1, P2,
P3, and P4, equal to 0.30, 0.28, 0.22, 0.30, and 0.23, respectively. It was unclear why the
heritability estimates were relatively low in periods P2 and P4. In some cases the MEAN
imputation yielded highest estimates for heritability (GATE scenario in P0 and P1), however,
in most cases the MEAN imputation method yielded inferior results (Table 2). The imputed
datasets from MICE and REGR methods resulted in very similar heritability estimates. These
two methods also yielded rather similar phenotypic variances. This was somewhat unexpected
as the mice method applies an additional random sampling among a set of candidate values.
The three scenarios of missing data showed severe differences in heritability estimates and
phenotypic variance. That is, the GATE scenario yielded much lower heritability estimates and
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more extreme phenotypic variances. The MEAN imputation method yielded deflated variances
while the other two methods resulted in severely inflated variances.

Discussion

The MICE method of imputation yielded very similar levels of accuracy and heritability
estimates across all scenarios that we studied. The MICE methods has parameters that need
tuning and we noticed improved performance (not shown here) when we increased the
number of imputed datasets in MICE with a plateauing at 20. These higher numbers do come
with an increase in computation time, especially when compared to the REGR method. We
anticipate that the MICE method can outperform the REGR method in more extreme
scenarios of missing data. Furthermore, the MEAN and REGR methods performed well on
accuracy, however, both disturb, in opposite ways, the data characteristics, i.e., the mean
weakens all relationships while regression strengthens all relationships. Consequently, both
methods lead to bias and over-estimation of precision. On the other hand, the MICE approach
aims to produce an unbiased estimate with the appropriate confidence interval. The imputed
data from the REGR method yielded a severe underestimation of the standard errors of
prediction on the breeding value estimates.

Conclusion

We empirically tested a novel imputation method MICE to account for missing data from
feed stations in pigs. The MICE method did not outperform linear regression imputation
across three different realistic scenarios for both imputation accuracy and subsequent genetic
parameter estimation. We anticipate that the MICE method will be more robust to more
extreme scenarios of missing data that may occur in phenotypic recording in animal breeding.
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