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Abstract
Swine wean-to-finish (W2F) mortality is a multifactorial, dynamic process and a key
performance indicator of commercial swine production. Although swine producers typically
capture the relevant data, analysis of W2F mortality risk factors is often hindered by the fact that,
even if data is available, they are typically in different formats, non-uniform, and dispersed
among multiple unconnected databases.
In this study, an automated framework was created to link multiple data streams to specific
cohorts of market animals, including sow farm productivity parameters, sow farm and growing
pig health factors, facilities, management factors, and closeout data from a Midwestern USA
production system. The final dataset (master-table) contained breeding-to-market data for 1,316
cohorts of pigs marketed between July 2018 and June 2019. Following integration into a mastertable, continuous explanatory variables were categorized into quartiles averages, and the W2F
mortality was log-transformed, reporting geometric mean mortality of 8.69% for the study
population. Further, univariate analyses were performed to identify individual variables
associated with W2F mortality (p < 0.10) for further inclusion in a multivariable model, where
model selection was applied. The final multivariable model consisted of 13 risk factors and
accounted for 68.2% (R2) of the variability of the W2F mortality, demonstrating that sow farm
health and performance are closely linked to downstream W2F mortality.
Higher sow farm productivity was associated with lower subsequent W2F mortality and,
conversely, lower sow farm productivity with higher W2F mortality e.g., groups weaned in the
highest quartiles for pre-weaning mortality and abortion rate had 13.5%, and 12.5%,
respectively, which was statistically lower than the lowest quartiles for the same variables
(10.5%, and 10.6%). Moreover, better sow farm health status was also associated with lower

3
subsequent W2F mortality. A significant difference was detected in W2F mortality between
epidemic versus negative groups for porcine reproductive and respiratory syndrome virus (15.4%
vs 8.7%), and Mycoplasma hyopneumoniae epidemic versus negative groups (13.7% vs 9.9%).
Overall, this study demonstrated the application of a whole-herd analysis by aggregating
information of the pre-weaning phase with the post-weaning phase (breeding-to-market) to
identify and measure the major risk factors of W2F mortality.
Keywords: swine; wean-to-finish; mortality; whole-herd; risk factors.
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Introduction
Wean-to-finish (W2F) mortality is commonly used as a key performance indicator of
swine production systems (Agostini et al., 2014). As reviewed by Gebhardt et al. (2020), W2F
mortality involves interactions among multiple factors related to animal physiology,
management practices, and the pig`s environment. This interaction is dynamic and fluid over
time and geographical space. A further complexity, risk factors are often site-specific and vary
markedly among production sites and within the same site over time. Thus, minimizing W2F
mortality to optimize swine performance requires strategic management of multiple factors
(Fablet et al., 2018).
Much of our understanding of the causality of post-weaning mortality is based on studies
performed under experimental conditions, an environment that cannot represent the complexity
and dynamic interactions among the risk factors that drive mortality in the field (Bello et al.,
2018). The idea of researching the risk factors of post-weaning mortality under field conditions
is not new. For example, Schwabe (1982) described the concept of "epidemiological diagnostic
medicine", a whole-herd approach based on collecting and analyzing herd-specific data. Today,
most of the data required to implement this approach are already collected by producers, but the
day-to-day realities of production often compromise the full use of these data. For example, a
cohort, i.e., a group of marketed pigs or "closeout", may have originated from multiple sow
farms, each of different health status, or commingled (mixed with other growing groups) at some
point during production. Further, even if the data was collected correctly, it may be stored in
different locations and formats.
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Despite the practical and technical challenges, achieving the integration of diverse and
disperse data streams into a "master-table" of cohort-specific management, health, and
environmental data provide the foundation for achieving Schwabe's whole-herd approach.
Therefore, the objective of this paper was to describe the process of integrating multiple
data streams from one production system into a master-table, thereby creating a longitudinal
integrated database consisting of retrospective data from breeding-to-market for each cohort.
Furthermore, the objective was also to analyze the master-table to identify the major risk factors
associated with W2F mortality in this company, with particular emphasis on the impact of sow
farm performance metrics on the downstream mortality of the cohorts. Here we used the W2F
mortality as the outcome. However, technically any other performance parameter present in the
master-table can be used as the outcome.

Materials and Methods
2.1 Overview
This study used production and health data from 1,316 groups of pigs (cohorts) marketed
between July 2018 and June 2019 by one swine production system (Iowa Select Farms, Iowa,
USA). Cohort-specific longitudinal data (breeding-to-market) were aggregated into a single
dataset from 6 separate data streams concerning multiple events related to the production
process. The single master-table was then analyzed to identify the risk factors associated with pig
mortality during the W2F phase.
2.2 Study Design
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The observational unit was defined as a group (cohort) of pigs marketed from one
finishing site at one point in time (n = 1,316). In the simplest case, a cohort originated from a
single sow farm, was weaned into a single-stock wean-to-finish site, and remained there until
marketed. The outcome was defined as the proportion of pigs in each cohort that died in the
growing phase, here defined as W2F mortality. Within the production system, the pattern of pig
flow varied to accommodate the available facilities, sow herd productivity, and management's
assessment of weaned pig quality (Figure 1). Thus, a cohort may have originated from one or
multiple sow farms and may have been weaned to nurseries or to single or double-stocked weanto-finish sites. Double-stock wean-to-finish sites are stocked with the double number of animals
of the final capacity of market age pigs. In contrast, single-stock wean-to-finish sites are stocked
at weaning with the maximum limited capacity of market-age pigs.
2.3 Observational unit and characteristics of data streams
A cohort of marketed pigs was the observational unit for all analyses. For cohorts
originating from multiple sow farms and/or multiple nurseries, a weighted fixed average of
explanatory variables was calculated after marketing, based on the number of animals stocked
and moved. The study was based on historical data for each cohort of pigs and the herd(s) from
which they originated, i.e., all longitudinal data collected from breeding to market identified by
cohort. Data provided by the production system in six separate Microsoft® Excel data streams
(Table 1) were integrated into a single dataset, here referred as master-table, for analysis using
SAS® Version 9.4 (SAS Institute, Inc., Cary, NC).
2.3.1 Productivity Data by Production Phase (Stream A)
Productivity data for the breeding-to-wean phase and growing phase were collected
(Table 2) via password-protected online reports (MetaFarms, Inc., Burnsville, MN) concerning
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the 1,316 cohorts. Breed-to-wean information was provided in sow farm performance monitor
reports individually downloaded for each sow farm (41 reports); growing phase data were
provided in nursery, wean-to-finish, and finisher closeout reports (3 reports). Sow farm-specific
reports (July 2017 to January 2019) contained time-based weekly productivity information for
the insemination, farrowing, and weaning events occurring in each week. For the variables
concerning the farrowing event, we utilized the values of the previous 21 days of weaning in
order to match, for each weaned group, their respective values for farrowing and weaning events.
On the other hand, for variables concerning the insemination event, the values for each weaned
cohort represented the performance in the sow farm at the time of weaning. Growing phase
reports, i.e., the cohort-specific aggregated nursery and finisher reports, tracked productivity in
the three pig flows illustrated in Figure 1, and information concerning the stocking conditions of
the weaned cohorts.
2.3.2 Sow Farm Health Records Data (Stream B)
Sow farm health data consisted of retrospective weekly electronic records of clinical
signs and laboratory testing performed in the herd for porcine reproductive and respiratory
syndrome virus (PRRSV), porcine epidemic diarrhea virus (PEDV), Senecavirus A (SVA), and
Mycoplasma hyopneumoniae (Mhp) (Table 3). Disease status classifications (negative, endemic,
epidemic) in the datasets were utilized for PRRSV and Mhp, and were based on informed
judgments (e.g., clinical signs, diagnostics, and changes in performance) by herd veterinarians.
Epidemic status (coded as 2) implied the first 16 weeks after an outbreak with the
presence of clinical signs compatible with PRRSV and/or Mhp; endemic status (coded as 1)
reflected a period from the week 17 after an outbreak until the herd is determined negative based
on diagnostic testing; negative status (coded as 0) for PRRSV and Mhp indicated the absence of
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nucleic acid detection by laboratory tests and the absence of clinical signs. For other pathogens,
the disease classification criteria relied on classifying them as positive or negative according to
clinical and diagnostic evidences of disease occurrence.
2.3.3 Sow Herd PRRSV Management Data (Stream C)
Sow herd PRRSV mass vaccination (whole-herd) dates were recorded for each sow farm
and each weaned group identified in the context of week post-vaccination. Thus, groups weaned
before sow herd mass vaccination were “0”, groups identified as "1" were weaned within 3
weeks of mass vaccination, groups "2", "3", and “4” were weaned > 4 to 6, and > 7 to 9, and 10
to 12 weeks post mass vaccination, respectively. The logic for comparing performance in
different weeks before and after PRRS mass vaccinations was established based on the study
conducted by Moura et al. (2019).
2.3.4 Pig Movement Data (Stream D)
Stream "D" recorded data on transportation events of weaned and growing animals from
July 2017 to July 2019. Data included the respective number of animals moved, sites involved,
date of transport, and the unique group alphanumeric identifier (letter to identify source plus
numeric date/group identifier). The group alphanumeric identifier allows tracking cohorts from
the pre-weaning to the post-weaning phase, even if multiple movements and days were required
to assemble the group.
2.3.5 Miscellaneous data (Stream E)
The data stream “E” (Table 4) consisted of data on types of feeders, the season of the
year when the weaned cohorts were stocked into the respective growing groups, number of sow
farms originating each cohort, and air filtration (yes/no). Growing phase reports available before
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and after the installation of filters on source sow farms made it possible to compare downstream
productivity with and without air filtration for sow farms filtered during the study period.
2.3.6 Growing Pig Health Data (Stream F)
Growing pig health data included clinical assessments made by system personnel based
on clinical observation and diagnostic test results. More specifically, groups were classified as
positive or negative for specific infectious diseases (Table 5) based on the perceived presence or
absence of clinical disease identified at any time throughout the growing phase. For example,
cohorts with clinical signs for enteric coronaviruses would be tagged as groups with “break”.
Cohorts that did not report the disease occurrence of a specific pathogen were considered as
negative, albeit lack of clinical signs does not exclude the possibility of subclinical infections.
2.4 Data Aggregation
For each cohort, the 6 production data streams described in Section 2.2 were merged into
a single dataset (master-table) in a 7-step process (Figure 2). Initially, SAS algorithms (PROC
SET and PROC SQL) were used to create unique alphanumeric identifiers in each data stream,
tagging every record with the location/date of occurrence and providing for complete traceability
of cohort data from breeding to marketing. Thereafter, SAS algorithms were developed (PROC
IMPORT, PROC DATA, PROC MERGE, PROC SET, PROC SQL, PROC SORT) to match and
merge data streams into a single master-table based on the identifiers (Table 6). To assure data
quality, responses inconsistent with specific variables were identified during the aggregation
process and affected cohorts removed from the dataset (Table 7). After completing data
aggregation, a data validation was performed by screening the dataset for irregularities related to
specific productivity parameters (stream A) and values exceeding established ranges. Extreme
values that represented actual events, e.g., high mortality resulting from infectious disease, were
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retained as given. In the final step, the data originating from streams B - F were evaluated for
completeness, where variables with ≥ 10% of missing data were excluded from the final
consolidated dataset.
2.5 Data analyses
Among the explanatory variables for which data were collected (streams “A” to “F”),
only those with sufficient quality in the data validation and completeness steps were included in
the final consolidated dataset (master-table). All continuous variables included in the mastertable were categorized into quartiles, where the average value of the 25% of data inside each
quartile was reported, while categorical variables were preserved in the original format.
For cohorts originating from multiple sow farms or weaned into multiple nurseries, a
weighted fixed average of productivity parameters (stream A) was calculated for each cohort
(PROC SQL) after the 6 data streams had been integrated. In other words, groups originated
from multiple sow farms had the value of the stream A parameters calculated based on the
average value of these variables in each sow farm, and on the number of incoming weaned pigs.
For categorical variables from other data streams, the worse status was considered for the whole
group, independently of the number of pigs, e.g., a cohort that receive 100 weaned piglets from
an epidemic sow farm for PRRS and 900 pigs from a negative sow farm for PRRS would be
considered as an epidemic group for PRRS.
Univariate analysis was conducted on the outcome (% of W2F mortality) to verify the
assumption of normality (Shapiro-Wilk test), followed by its log-transformation to normalize the
distribution. Thereafter, 27 univariate analyses (ANCOVA) were performed separately between
each explanatory variable and the log-transformed W2F mortality (outcome), using a linear
mixed model (PROC GLIMMIX in SAS) and a identity link function between the predictor and
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the outcome with a normal distribution, and including the sow farm originating the cohorts as a
random effect. The objective of this step was to identify the set of variables associated with W2F
mortality., where only variables with p-values (p) < 0.10 in this step were eligible for inclusion
in the initial multivariable model.
Before including all the significant variables from the univariate analyses in the
multivariable model, Spearman`s rank bivariate correlation coefficients were estimated among
all the significant parameters (PROC CORR) to avoid multicollinearity in the multivariable
model.
When the correlation between two variables was ≥ 0.50, the variable occurring last in the
pigs' life cycle was excluded. Thus, the multivariable regression analysis was conducted using a
linear mixed model (PROC GLIMMIX), composed only by variables with significant association
with the outcome in the previous univariate analysis (p < 0.10) and with low correlation (< 0.50)
with other variables.
To build the multivariable model a manual stepwise selection was performed. Shortly, all
variables with p < 0.10 in the univariate analysis were included in the multivariable model and
the variables that had p > 0.05 were excluded one at a time until obtaining the final model with
all variables having p < 0.05. Also, the Akaike`s Information Criterion (AIC) value was utilized
to compare the model goodness of fit when excluding the variables, by targeting the lowest value
(Akaike, 1974). Furthermore, confounders and interactions were tested based on the biological
plausibility of the variables based on the first author’s (EM) perspective. Multicollinearity was
tested in the in the final set of predictors included in the multivariable model by measuring the
Variance Inflation Factor (VIF) for each parameter and excluding variables with VIF > 5. Also,
all predictors not included in the initial multivariable model due to large p-value on the
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univariate analyses were included again, one at a time, back into the final multivariable model,
with the objective of testing if these variables remain not significant in the presence of potential
confounders as mentioned by Dohoo et al. (2003), as seen that the effect of a predictor can
become evident only when a confounder is controlled, which does not occur on the univariate
analyses. On the multivariable model, the impact of each explanatory variable was assessed
through pairwise comparisons (Tukey-Kramer test) by comparing the least square means
estimates of the back-transformed log-W2F mortality between categories. Lastly, the Correlation
Coefficient (R) and the coefficient of determination (R2) were reported between the overall W2F
mortality estimated by the final model and the actual value that occurred, describing the variance
in W2F mortality explained by the model.

Results
3.1 Data Aggregation and Quality Assurance
The final master-table contained breeding-to-market data on 1,316 W2F cohorts
(~4,200,000 pigs), originated from six data streams and from 41 sow farms, consolidating
disperse information into a cogent "whole-herd" master-table suitable for statistical analyses.
The data validation step resulted in the exclusion of 186 cohorts due to typographical errors in
2.43% (n = 32) and missing values in 11.7% (n = 154) and resulted in a final dataset containing
1,130 cohorts. Twenty-seven of 41 variables met the quality standard to be included in the
analyses, excluding a total of 14 variables from streams “A”, “E”, and “F”.
3.2 Univariate Analyses
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The Shapiro-wilk test demonstrated that the outcome W2F mortality distribution was not
normal, thus requiring its log-transformation for the univariate and multivariable analyses. The
back-transformed geometric mean log-W2F mortality of the study population was 8.6% (95%
confidence interval (CI) 8.4% - 8.9%).
The univariate analyses were conducted on the 27 eligible variables with the objective of
identifying the variables with significant association with the outcome to be included in the
multivariable model (Table 8), using the outcome on the log-scale and the sow farm originating
the closeouts as the random effect, evaluating this way the effect of each risk-factor across the
sow farms.
3.3 Multivariable Regression Analysis
From 27 variables analyzed in the univariate step, 5 variables were not included in the
initial multivariable model due to large p-value (p > 0.10). These variables included capacity
utilization, pigs weaned/mated female/year, herd parity, number of sources, and stocking type.
Thereafter, correlation analyses were performed among the 22 remaining parameters identified
as important to W2F mortality. Born alive, lactation length, pigs weaned/sow, non-productive
days, and sow parity removal were excluded in the multivariable model due to high correlation
with other variables. Overall, among the 27 variables in the univariate analysis, 17 met the
eligibility criteria for inclusion in the initial multivariable regression analysis. Initial analysis of
the multivariable model revealed that sow death rate, sow PRRS mass vaccination,
litters/female/year (LFY), and SVA status had no significant association with downstream W2F
mortality (p > 0.05). After excluding non-significant variables, the final multivariable model was
composed of 13 explanatory variables and 6 interaction terms. The 5 variables initially excluded
from the multivariable model, due to large p-value in the univariate step, were included again in
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the model but remained not significant in the presence of other potential confounders (p > 0.10),
thus confirming the low association with the outcome demonstrated on the univariate analyses.
Also, no multicollinearity was observed in the final model (VIF < 5). The pairwise comparisons
estimates are demonstrated in Table 8, and the total variance explained by the model in figure 3.
All variables used in this study to obtain the final multivariable model and their respective pvalue at each step are described in the Supplement File (Table A), as well as correlation
coefficient when assessing pairwise correlations between predictors eligible for inclusion in the
initial model (Table C), the AIC values between the multivariable models, and the Variance
Inflation Factor (VIF) of each variable included in the final multivariable model when evaluating
multicollinearity (Table B).
Overall, higher sow farm productivity was associated with lower subsequent W2F
mortality and, conversely, lower sow farm productivity was associated with higher W2F
mortality. Sow farm productivity variables in the final model included pre-weaning mortality,
weaning age, service repeat rate, abortion rate, farrowing rate, average total born, birth loss,
gestation length, and average sow parity at farrowing. Marketed cohorts weaned from the
highest average quartile for pre-weaning mortality (18.0%) and abortion rate (5.3%) were
associated with the highest W2F mortality category (13.5% and 12.5% respectively). In other
words, marketed cohorts originated from sow farms weaning groups within the highest quartile
average for pre-weaning mortality or abortion rate had the highest downstream W2F mortality.
Furthermore, groups marketed within the youngest average age quartile for weaning age (15.3
days) had the highest W2F mortality (13.1%) compared to the other age categories. For the
variable parity at farrowing, cohorts that were weaned in weeks where the average parity at
farrowing represented the quartiles of 2.45 and 3.45 cycles, were associated with a higher W2F
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mortality when compared to the oldest average parity category of 4.56 (12.1% and 11.9% vs
10.3%).
For service repeat rate and farrowing rate there was statistical difference among some of
the categories within each variable, however not following the linear pattern observed in the
previous variables that indicated a lower W2F mortality associated with improved performance.
Furthermore, there was no statistical difference between the least squared means estimates of
birth loss, gestation length, and total born categories.
As mentioned above for sow farm productivity parameters, better sow farm health status
at weaning was also associated with lower W2F mortality. That is, groups weaned from sow
farms with "epidemic PRRS" or "epidemic Mhp" recorded W2F mortalities of 15.4% and 13.7%,
respectively. In contrast, no significant difference was detected in W2F mortality between
PRRSV endemic vs negative sow farms (8.7% vs 10.7%) or Mhp endemic versus negative sow
farms (9.9% vs 10.6%).
Weaned cohorts stocked into growing sites during winter months had higher downstream
W2F downstream mortality when compared to groups stocked during the other seasons of the
year (12.5% vs 11.3%, 11.0%, and 10.6%). Lastly, cohorts that at any point of time throughout
the growing phase reported clinical evidence of enteric coronaviruses infection had higher W2F
mortality when compared to groups without report of clinical disease (13.4% vs 9.6%).
The final multivariable model provided a correlation coefficient (R) of 0.826 between the
predicted and observed W2F mortality (p < 0.0001), with an overall predicted W2F mortality of
9.06% versus the predicted W2F mortality mean of 9.47% (Figure 3). The final model explained
68.2% of the variability (R2) in the W2F mortality for the 1,130 cohorts. The majority of
variables included in the model represented the pre-weaning production phase, with the
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exception of enteric coronaviruses, revealing that events occurring on the sow farm were greatly
associated with the downstream W2F mortality.

Discussion
4.1 Background on data collection and analysis in the swine industry
Beginning in the mid-1960`s, livestock production evolved from extensive production on
small farms to intensive production on larger farms. With this change, livestock diseases
changed from single etiologies to multifactorial "production diseases" which, according to
Schwabe (1982), could only be understood through "epidemiological diagnostic medicine".
Consistent with this reasoning, Fourichon (1991), ascribed a whole-herd approach in
investigating disease dynamics, noting that the solution would require developing new methods
for collecting qualitative and quantitative data on populations, infrastructure, feeding, disease
occurrence, and personnel. Thus, to understand the relationship between livestock performance
and the factors impacting it, e.g., mortality, a dynamic, interactive, and multifactorial
investigation of risk factors/events occurring in the field was required (Fourichon, 1991;
Schwabe, 1977). The implementation of this philosophical shift required better data collection
methods and the emergence of animal health specialists with the mindset and analytical skills to
perceive disease holistically (Schwabe, 1993).
Initial data recording systems in the swine industry focused exclusively on the breeding
herd (Stein et al., 1987). They relied on hand-written records of sow and litter performance from
which to produce simple descriptive reports. Practical computer technology and data recording
systems appeared and proliferated over the last three decades, but in swine production, remained
focused on breeding herds. This led to improvements in data collection, analysis, and
benchmarking of key performance indicators related to mating, farrowing, and weaning events
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(Piñeiro et al., 2019), e.g., pigs weaned per sow per year or litters per female per year, but left
gaps in other segments of the production cycle. In the present study, for example, the largest
portion of data is related to the pre-weaning phase (breeding herds). Regardless, the analysis
demonstrated a strong link between sow herd health and productivity and downstream W2F
mortality. At this point, and particularly as increasing data-capture technologies are used in
commercial livestock production, producers have the opportunity to apply a similar approach to
data-driven decision-making across the production cycle (Piñeiro et al., 2019).
4.2 Solving the problem of data collection/aggregation
To achieve a whole-herd approach to population health optimization, the data available
for analysis must integrate all aspects of production. Banhazi and Black (2009) demonstrated
that swine producers gathered data on multiple aspects of production, but data streams are
typically collected and stored independently - and are thus beyond the easy reach of
comprehensive analysis. The issue commonly confronted in the data integration process is
incompatibility among data streams and software (Lenzerini, 2002). A number of studies have
shown the feasibility of integrating multiple data streams for the purpose of identifying risk
factors associated with performance in the growing phase (Agostini et al., 2015, 2014; Goumon
and Faucitano, 2017; Larriestra et al., 2005a; Losinger et al., 1998; Oliveira et al., 2009;
Passafaro et al., 2019) or the breeding phase (Liu et al., 2018; Pierozan et al., 2020). A common
characteristic of these studies is the use of point-in-time, on-farm data collected and integrated
using manual techniques and then evaluated using multivariable analyses.
In contrast, the current study achieved automated data integration in a commercial
production system for ~4 million pigs in 1,130 cohorts across the entire production cycle
(breeding-to-market). This approach allows automated on-going monitoring of the risk factors of
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performance in swine populations. When pursuing a whole herd approach, the automated data
integration process must be tailored to each production system because of the variety of methods
used to manage data.
The use of SAS 9.4 in this study, a commercial data manipulation software, reduced data
entry errors by providing criteria for the type and range of inputs but did not eliminate the need
for a data quality step. Standards for data quality included identification of missing values and
typographical errors. In this case, the immediate value of quality assurance procedure was to
provide for reliable statistical analyses. Still, the long-term benefit is to assist the production
system in achieving more consistent record collection over time with the goal of including more
variables in future analyses and on-going development of the model.
In this study, whole-herd data integration was successful because it was possible to
develop SAS algorithms to manage diverse and disperse records. This underscores the limitation
that the data import process remains manual, and, as new data streams are introduced into the
production environment, the algorithms used to manage data must likewise be updated.
4.3 Data Analyses
Larriestra et al. (2005a), Maes et al. (2004), and Oliveira et al. (2009), exploring the
dynamics of variables associated with W2F mortality and their individual and collective impact,
found large variation within and between herds in the effect of specific variables and showed the
utility of multifactorial analyses in assessing these relationships. In the current study, identifying
a diverse set of risk factors variables on W2F mortality was evaluated individually using
univariate analysis, and their collective impact was investigated using multivariable regression
analysis.

19
In the univariate and multivariable analyses, continuous variables were re-expressed in
quartiles and the quartile means compared (ANCOVA). Compared to classical regression
analysis, the conversion of continuous variables into categories resulted in some loss of
information. Still, the loss was considered minimal due to the large sample size and the use of
multiple (4) categories per variable. Overall, categorization facilitated the analysis and
interpretation of results, as noted by Altman (2005). On the other hand, as stated by Bennette
and Vickers (2012), the downside of categorization involves multiple hypothesis testing between
the quartiles (pairwise comparisons), and the fact that assumes homogeneity within the groups,
which does not always occur.
In the univariate analyses, ANCOVA was used to identify variables statistically
associated with the W2F mortality, revealing that various sow farm health and reproductive
performance parameters were associated with W2F mortality. Results of the univariate analysis
(explanatory variable and outcome) should be interpreted with caution because variables
identified as significant did not operate in isolation. For example, variables that had a
statistically significant association with the outcome in the univariate analysis became nonsignificant in the initial multivariable analysis (e.g., sow herd PRRS vaccination, sow death rate,
and LFY), when the model accounted for all the variables. Thus, the primary function of the
univariate step was to identify variables associated with W2F mortality and decide for inclusion
in the multivariable regression model.
Among the 27 variables analyzed in the bivariate step, 17 were included in the initial
multivariable analysis (p < 0.10). Previous authors have included variables with p-values < 0.10
(Pierozan et al., 2020), < 0.20 (Maes et al., 2004), and < 0.25 (Agostini et al., 2015, 2014). As
discussed by Dohoo et al. (1997), the rationale for including variables with p-values of 0.10 to
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0.20 is that only variables with a significant unconditional association with the outcome are
included in the final model. This could lead to the exclusion of some valid predictor variables
from the final analysis if their effect were masked by another variable, i.e., if the effect of a
variable in the univariate analysis becomes significant only when a confounder is controlled.
Given the absence of a definitive consensus in the literature concerning the inclusion of
variables in multivariable models, we utilized a rigorous cut-off p-value of 0.10 due to the fact
that the model accounted for a higher number of predictor variables and the dataset was
extensive, thus increasing the probability of type I errors as the number of observations increase
(Santman-Berends et al., 2021). Furthermore, multicollinearity among variables was
investigated (correlation > 0.50) by using an approach proposed by Cohen (1988), similarly to
that described by Maes et al. (2004), and using VIF as proposed by (Pak et al., 2002)
The majority of the variables included in the final multivariable model were related to the
pre-weaning phase. It is likely that the small number of growing phase variables identified for
inclusion reflects less availability of data from this phase of production when compared to
breeding herds, not its potential impact on W2F mortality, as seen that most of the growing phase
variables collected were not included in the whole analysis due to data quality matters. Greater
effort to consistently collect growing phase variables for inclusion in the analyses could help to
further explain variation in W2F mortality. This is an example of future improvements to the
whole-herd approach in this system.
The final multivariable model provided a correlation coefficient (R) of 0.826, explaining
68.2% of the variability (R2) in the W2F mortality of the 1,130 cohorts. In contrast, previous
models based on growing pig stocking conditions variables explained 20.4% (Agostini et al.,
2014), 12.06% (Larriestra et al., 2005a), and 20.0% (Maes et al., 2004) of W2F mortality. This
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fact demonstrates the great portion of mortality explained by sow farm risk factors and the
importance of the quality of the weaned group on their downstream performance.
Based on these results, sow farm reproductive performance variables may be viewed as a
proxy of population health. That is, better breeding herd performance suggests that the
population is managed under conditions that allow animals to achieve their full genetic potential.
This hypothesis is supported by the fact that all breeding herds participating in this study had the
same genetic breeding stock make-up. Thus, differences in productivity between sow herds were
likely not due to their genetic potential.
Notwithstanding, the results were consistent with previous field studies reporting
associations between sow farm productivity indicator variables and W2F mortality, e.g., weaning
age (Davis et al., 2006; Leliveld et al., 2013; López-Vergé et al., 2019; Main et al., 2004),
weaning weight (Collins et al., 2017; de Grau et al., 2005; Declerck et al., 2016; Dewey et al.,
2006; Larriestra et al., 2005b), and birth weight (Declerck et al., 2016; Pardo et al., 2013;
Škorput et al., 2018; Smith et al., 2007; Zotti et al., 2017)
For seasonality, the association between groups stocked in colder months and higher
W2F mortality was also in agreement with previous reports (Agostini et al., 2014; Oliveira et al.,
2009).
Likewise, the link between W2F performance and the sow farm status for PRRSV, Mhp,
and PEDV is straightforward, i.e., these pathogens are known to affect growing pig health and
productivity (Madson et al., 2014; Pieters and Maes, 2019; Zimmerman et al., 2019). Further,
the results from the present study are consistent with previous reports of downstream mortality
associated with PRRSV (Alvarez et al., 2015a; Fablet et al., 2018; Holtkamp et al., 2013), Mhp
(Silva et al., 2019), and PEDV (Alvarez et al., 2015b; Yamane et al., 2016). It is also important
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to note that the possibility of subclinical infections in cohorts that did not report epidemic status
should not be excluded; thus, the non-significant difference between endemic and negative
groups should be interpreted only for W2F mortality, and not for other productivity parameters
such as average weight daily gain.
There is variation across disease classification systems utilized in the swine industry, and
therefore the results related to the disease status should be interpreted carefully. Furthermore,
causal inference models were not conducted. Instead, the analytical models focused on screening
risk factors associated with swine wean-to-finish mortality. Therefore, extrapolating the effects
of the differences between the categories for prospective groups is an inaccurate approach. On
the other hand, the results were sufficient to document a strong association between sow farm
health and productivity and subsequent W2F mortality.
Lastly, the result from the high variability explained by the existing multivariable model
(68.2%) should not be extrapolated to prospective groups in terms of prediction, as seen that the
model utilized in this study was developed mainly with the objective of analyzing retrospective
data.

Conclusions
In swine production systems, consolidation and analysis of diverse and disperse data are
the backbones of data-driven decision-making. This study demonstrated this by automating the
process of integrating whole-herd data related to wean-to-finish mortality, utilizing a commercial
statistical software. Also, the multiscale data consolidation supported precision swine health and
production management strategies in this production system by providing the capability of
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collectively analyze diverse data that was previously dispersed, under their field conditions,
enabling a whole-herd approach on investigating swine survivability.
The multivariable model explained 68.2% of the downstream W2F mortality,
demonstrating a strong association between sow farm health and productivity parameters on
downstream pig health. Under the conditions of this study the major risk factors of W2F
mortality were high pre-weaning mortality, high abortion rate during the week of weaning for
growing pig cohorts, weaned groups originated from sow farms with PRRSV and Mhp epidemic
status, marketed cohorts that were weaned during the winter season, and closeouts having a
clinical occurrence of enteric coronaviruses throughout the growing phase.
The interactions between health, productivity, and environmental factors change
dramatically across production systems and time. This study demonstrates the concept of
building a health and production intelligence system that can serve as the foundation for ongoing
data analysis in swine production systems, with the ability to include new data streams on risk
factors and interventions over time, and the potential to serve as the foundation for future
development of causality and forecasting models.
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