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modeling and simulation, which has hindered their 
development and broader application (Tedeschi et 
al., 2015b). Mathematical models are not immune to 
failures, and unintended consequences arise when a 
model’s limitations are misunderstood during the as-
sessment of its appropriateness to solve a perceived 
problem. Despite their fallibility, MM are great tools 
for biological systems because they help us to iden-
tify areas in the scientific knowledge that have limited 
information and need additional research.

Approaches

Models can be categorized in many ways, 
depending on their scope and purpose (France and 
Thornley, 1984; Haefner, 1996; Meerschaert, 2007; 
Thornley and France, 2007). Such categorizations 
include descriptive vs. prescriptive (i.e., elucidative 
vs. predictive) when the modeling context is appli-
cation; static (i.e., steady state) vs. dynamic, which 
can be further categorized as discrete vs. continuous, 
when the modeling context is time; deterministic vs. 
stochastic (i.e., probabilistic) when the modeling 
context is prediction (Guttorp, 1995); or empirical 
vs. mechanistic (i.e., theoretical or rational) when 
the modeling context is the nature of the model. 
The different approaches to developing an MM can 
be mixed (e.g., a deterministic, dynamic, mechanis-
tic model). Within the predictive analytics context, 
Miller (2014) considered 3 general approaches: the 
traditional approach uses linear regressions to esti-
mate parameters through fitting models to data 
(similar to the empirical category); the data-adap-
tive or data-driven approach searches through data 
to find useful predictors (similar to artificial intel-
ligence—AI); and the model-dependent approach 
defines the model (similar to the mechanistic cate-
gory) and uses it to generate data (e.g., meta-mod-
eling), predictions, or recommendations. Others 
have proposed additional approaches to categoriz-
ing MM such as teleonomic vs. teleologic models 
and functional models (France and Kebreab, 2008; 
Tedeschi and Fox, 2018).

Categorizing the MM sets the stage for the 
tasks of model development, such as determining 
model boundaries, assumptions, and what type of 
data and data analytics are needed. However, un-
necessary modeling complexity and nonessential 
categorization can easily overwhelm users or even 
knowledgeable modelers, entangling them in de-
tails, obscuring the bigger picture, and causing them 
to lose sight of the forest for the trees (Tedeschi and 
Fox, 2018). Figure 2 depicts critical components 
and steps of three major approaches for model 

development (empirical, mechanistic or knowl-
edge-driven, and AI or data-driven).

Hybridization of  these approaches is possible 
and may be employed more often in practice than 
has been recognized. The combination of  models 
and methods usually works best in the predictive 
context (Miller, 2014). The empirical approach 
relies largely on the goodness of  fit through statisti-
cal analyses and data selection, whereas the mech-
anistic approach (i.e., knowledge-driven) requires 
the conceptualization of  hypotheses of  what and 
how endogenous variables are interconnected (i.e., 
affect and are affected by other variables) and some 
data mining. The AI approach (i.e., data-driven) 
is at its core empirical, but recent development in 
this field (i.e., machine learning and deep learning) 
can be thought of  as having some mechanistic ele-
ments. The AI approach relies almost exclusively 
on neural network analysis as the base for estab-
lishing the nodes (i.e., neurons) structure and lay-
ers. Figure 2 shows important steps in the model 
development:

1)	 Data management indicates the development of 
databases following pre-established criteria for 
data acceptance.

2)	 Model conceptualization indicates the logical 
arrangement of important variables towards a 
common purpose.

3)	 Model coding indicates the parameterization 
process of variables purely statistically or ideo-
logically.

4)	 Training and evaluation, intrinsic processes 
in the AI approach, train the neural network 
formulation and establish the adequacy of its 
prediction. If  the adequacy of the prediction 
is suboptimum, the algorithm seeks out addi-
tional resources to improve its predictability or 
alters the neural network formulation (layers) 
by itself.

5)	 Model evaluation indicates how well the MM 
precisely and accurately makes predictions giv-
en its purpose (Tedeschi, 2006).

Divergences

The separation between mechanistic vs. empirical 
is not always clear. At times, the difference has been 
contentious among researchers who have used it, im-
properly, to indicate the superiority of mechanistic 
over empirical models. For our purposes, the super-
iority of a model is related to its ability to satisfac-
torily perform (e.g., describe or predict) based on its 
intended purpose and development context (Tedeschi, 

D
ow

nloaded from
 https://academ

ic.oup.com
/jas/article-abstract/97/5/1921/5382308 by M

edical Sciences Library, Luis Tedeschi on 30 April 2019



1925Feats and prospects in ruminant modeling

2006). Similarly, model validation is not a valid state-
ment in mathematical modeling because it has often 
been misused to prove the rightness and legitimacy of 
models and promote their acceptance and usability 
(Oreskes et al., 1994; Sterman, 2002). The misuse has 
even led to alternative terminology such as “evaluda-
tion” as an attempt to clarify the issue (Augusiak et 
al., 2014). The term model evaluation or model testing 
is preferred instead (Tedeschi, 2006).

A mechanistic model is usually represented as a 
model made of a nested (i.e., vertical) structure of 
entities (i.e., objects) that are localized at different 
strata (i.e., ranks). This nested structure implies that 
an object of a higher rank depends on the outcome 
of one or more objects from one or more lower or 
nested ranks. For instance, the response of cells (rank 
#1) to a given stimulus (i.e., change of status) will af-
fect the response of an organ (rank #2) that is made 
up of these cells. In this case, cell organelles could be 
assigned to rank #0 and the animal body (a group 
of organs) to rank #3, and so forth. Mechanistic 
models can also be represented by a hierarchical 

representation of phenomena, but in a horizontal 
structure rather than a vertical one, in which the re-
sponse of an object depends on the outcome of a 
previous object within the same rank. For instance, 
in ruminants, compartmental modeling (digesta 
passing through the rumen to the small intestine to 
the large intestine) states that what happens to the 
digesta in the large intestine, for instance, depends 
on what happened to it in the rumen before the large 
intestine can initiate its series of events (e.g., diges-
tion and absorption). Within this context, MM that 
intrinsically rely on time are naturally categorized as 
mechanistic if each time step represents a change of 
status of level variables. Consequently, the nested/
vertical structure relies on the necessary mechan-
isms employed or required by the parts to make the 
whole, whereas the hierarchical/horizontal structure 
conveys the sequential mechanisms that objects need 
to go through in order to reach an end: that is, the 
parts follow a supply chain process to yield the final 
product. Both types of models have intrinsic mech-
anisms that ordain the logic of the calculation. In 

Figure 2. Illustration of pathways for the development of mathematical models using different approaches and paradigms: red is empirical, blue 
is mechanistic, and green is artificial intelligence.
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went through significant overhauls in 2007 (INRA, 
2007) and 2018 (INRA, 2018) with the intent of 
revisiting the calculations of available dietary en-
ergy and protein by including digestive dynamics 
(ruminal degradation and passage rates) and mi-
crobial growth (Sauvant et al., 2014; Sauvant and 
Nozière, 2016). The Ruminant Nutrition System 
[RNS; Tedeschi and Fox (2018)], a CNCPS-based 
model, incorporated many additional submodels 
and revised equations as discussed below. Dumas 
et al. (2008) portrayed a historical perspective of 
how early ruminant nutrition knowledge led scien-
tists to dwell on MM in the search for unanswered 
questions. Some review papers have compared and 
highlighted the modern state of agricultural system 
models (Jones et al., 2017). Others have contrasted 
the different ways nutrition models represent im-
portant elements in predicting the requirements 
and dietary supplies of energy and nutrients to im-
prove ruminant production while providing a more 
contemporary perspective of mathematical mod-
eling in the field of ruminant nutrition (Sørensen, 
1998; Tedeschi et al., 2005; Tedeschi et al., 2014a; 
Tedeschi et al., 2015a) as well as some prerequisites 
to advance the utility of animal systems modeling 
(McNamara et al., 2016a).

Mathematical Nutrition Models

Ruminant production DSS became fully embod-
ied and more evident after the 1960s (Figure 3),  
though many mathematical modeling efforts 
took place prior to 1925 (Dumas et al., 2008). In 
the United States, the first, and ultimately unsuc-
cessful, request to study nutrient requirements 
of food animals, especially protein, was issued in 
1910 by Henry P. Armsby (Christensen, 1932). The 
National Research Council (NRC) underwrote a 
second request in 1917. The resulting Cooperative 
Experiments upon the Protein Requirements for 
Growth of Cattle had several participating experi-
mental stations across the country from 1918 to 
1923 (Christensen, 1932) and culminated with the 
publications of two reports summarizing the experi-
mental results (NRC, 1921, 1924). Several reports 
were released by the then-called National Academy 
of Sciences–National Research Council, includ-
ing the first attempt to establish nutrient require-
ments of beef cattle (NRC, 1945a) and dairy cattle 
(NRC, 1945b). In 1974, a report on the Research 
Needs in Animal Nutrition was released (NRC, 
1974) with the intent to address important issues 
for ruminant nutrition at that time, such as non-
protein nitrogen utilization, better understanding 

of rumen fermentation, nutrient requirements of 
“exotic” breeds, and factors affecting feed intake 
and utilization, among many others. As discussed 
above, computer modeling was not even brought 
up during these early deliberations because experi-
mental data were still being collected and digital 
computing was in its infancy with few practical ap-
plications (Power, 2008).

Today, precision feeding is possibly the most 
relevant application of nutrition models for the 
livestock industry. The primary reason is mid-1990s 
federal and state regulations that required feeding 
programs to be more protective of water and air 
quality by minimizing excess of nutrients in the 
environment. Consequently, precision feeding (a 
technical misnomer—from a modeling perspective 
it should be called accurate feeding) encompasses 
accurate diet balancing and formulation in unique 
production situations to deliver appropriate energy 
and nutrients that allow animals to express their 
genetic production potential. In the process of 
applying precision feeding, the minimization of 
excess nutrients (those that will not be absorbed 
and utilized by the animal) helps us to decrease 
nutrient excretion to the environment, especially 
nitrogen (Cerosaletti et al., 2004) and phosphorus 
(Vasconcelos et al., 2007).

In the United States, two major schools of 
thought have dominated the modeling efforts in 
ruminant nutrition. The first school was based on 
a more biochemical, process-based, fundamen-
tal-type model initiated in the late 1970s, includ-
ing submodels for rumen function (Baldwin et al., 
1977) and postabsorptive metabolism (Baldwin and 
Black, 1979). After a series of integration with ex-
isting United Kingdom models in the early 1980s, 
the first model of lactating dairy cows was de-
veloped in 1984 (France, 2013) and published in 
1987 (Baldwin et al., 1987a; Baldwin et al., 1987b; 
Baldwin et al., 1987c). Molly, a dynamic, mech-
anistic model based on biochemical reactions in 
animal metabolism, became available in the 1990s 
(Baldwin, 1995). Molly’s research and modeling 
efforts inspired new developments and improve-
ments in many places around the world (Nagorcka 
et al., 2000; Hanigan, 2005; Gregorini et al., 2013b; 
McNamara and Shields, 2013; Gregorini et al., 
2015; McNamara et al., 2016b). Concomitantly, the 
modeling efforts of the second school, a more func-
tional-oriented, applied-type modeling approach 
that is based on the NRC recommendations, started 
in the late 1970s at Cornell University (Chalupa 
and Boston, 2003; Sniffen, 2006). Many papers 
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(2008) reviewed nine pastoral simulation mod-
els (APSIM, EcoMod, FASSET, GRAZPLAN, 
GPFARM, HPM, IFSM, LINCFARM, and 
WFM) and concluded that there was a need to 
include the effect of  pests and diseases on pasture 
production as well as improved animal perfor-
mance predictions, including a more mechanis-
tic model for voluntary feed intake and ruminal 
fermentation processes. Snow et al. (2014) sum-
marized six of  these models (APSIM, AgMod, 
DIESE, FASSET, GRAZPLAN, and IFSM) and 
compared their different approaches to model 
forage mixtures in the paddocks, animal–forage 
interactions, N transfers by the animal in the pad-
docks, management of  the whole farm, and future 
prospects. They also provided ideas and solutions 
for the inherent limitations of  these six models.

Environmental Aspects.  Recently, the emis-
sion of  greenhouse gases (GHG) from ruminant 
production operations (i.e., methane and nitrous 
oxide) became an important issue within the sci-
entific community because of  its perceived con-
tribution to the global warming phenomenon 
(Tedeschi and Fox, 2018, Ch. 3). Currently, the 
net abatement potential of  GHG from ruminant 
production systems can be obtained only through 
WFDSS and life-cycle assessments (Eckard et 
al., 2010). These results have led to the issuing 
of  recommendations for effective reduction in 
the emission of  GHG (Crosson et al., 2011). Del 
Prado et al. (2013) indicated that WFDSS are the 
appropriate scale for mitigating GHG emissions 
because the farm represents the unit at which 
management decisions are made. They analyzed 
different approaches to modeling GHG. Most 
of  the reviews of  WFDSS suitability for GHG 
assessment have discussed the strengths and 
drawbacks of  WFDSS, but they lack model inter-
comparisons under different production systems. 
Tedeschi et al. (2014a) indicated that accurate 
prediction of  milk production by dairy cows by 
mathematical nutrition models is a critical pre-
requisite to further development of  systems that 
can effectively and correctly estimate the contri-
bution of  large ruminants to GHG emissions and 
their true share of  the global warming event. The 
inaccuracies in predicting GHG become even 
more complicated and uncertain when the whole 
farm system is considered. Given the complex 
nature of  WFDSS, Tedeschi et al. (2014b) rec-
ommended that simple nutrition models should 
be used with WFDSS to predict GHG emissions 
for the time being.

Sustainable Production.  The ability to fore-
cast social and economic aspects that prevent the 
broader use of WFDSS in decisions involving sus-
tainability is limited. More integrated approaches 
are needed to combine MM from different fields 
within animal production to develop substantial 
programs of sustainable intensification (Garnett 
and Godfray, 2012; Tedeschi et al., 2015b). Liu et 
al. (2015) suggested that a “holistic approach to 
integrating various components of coupled human 
and natural systems across all dimensions is neces-
sary to address complex interconnections and iden-
tify effective solutions to sustainability challenges.” 
The development of integrated systems and cross-
scale interactions of dynamic systems may facili-
tate social–ecological resilience, with a focus on 
our complex adaptive transformability, learning 
capacity, and ability to innovate (Folke, 2006). The 
SDM paradigm can combine accumulated scientific 
data with knowledge and strategic management to 
improve the animal industry by better assessing 
market opportunities with biological limitations 
and potentials of the agroindustry (Tedeschi et al., 
2011) while accounting for the three pillars of sus-
tainability: environmental, social, and economic 
aspects (Makkar, 2013; Makkar and Ankers, 2014; 
Tedeschi et al., 2015b).

Disease Outbreak.  Another important, and 
more recent, application of integrated and dynamic 
DSS is in the control and management of disease 
outbreak. The development of mathematical epi-
demiological models simulating animal infectious 
diseases and providing solutions to minimize their 
life-threatening menace to animals and humans has 
advanced considerably in the United States (Harvey 
et al., 2007) and Europe (Lantier, 2014) in the last 
decade. Epidemiological DSS help us to understand 
the dynamics of spreading infectious diseases, such 
as foot-and-mouth disease, in susceptible popula-
tions (Webb et al., 2017). Lofgren et al. (2014) used 
real-time modeling and simulation tools to identify 
the spread of the 2014 outbreak of Ebola virus in 
West Africa and provide timely guidance for pol-
icymakers. Perry et al. (2013) believe that though 
the use of powerful MM of the distribution and 
dynamics of livestock disease have been increased 
in the last decade, incomplete understanding of 
the models’ underlying assumptions may result in 
dangerous decisions that might create a false con-
fidence of our understanding of the model predic-
tions. Furthermore, many of these epidemiological 
DSS seek to aid understanding of the spreading 
dynamics of infectious diseases, not necessarily 
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their prevention. The latter could be addressed by 
accounting for animal nutritional deficiencies as 
well as animal management malpractices if  nutri-
tion were incorporated in the DSS for epidemiolog-
ical modeling.

Opportunities

Although integrated systems are required to 
develop more inclusive WFDSS to assist with sus-
tainability, there are several limitations in modeling 
the dynamics of metabolism (McNamara, 2004), 
including lack of detailed and accurate data likely 
because of limitations in experimental focus and 
design (McNamara et al., 2016a). For instance, 
accurate nutrition and growth models could assist 
in the management of feedlot animals if  the mod-
els accurately predicted body composition brought 
about by fat and protein deposition, two of the 
most influential variables in predicting animal 
requirements for growth. However, different geno-
types have different rates of fat and protein depo-
sition, and few MM accounts for them. Since the 
early 1980s, there have been considerable efforts 
in the understanding of growth of ruminants and 
the development of DSS to predict it (Loewer et 
al., 1980; Loewer et al., 1983; Bridges et al., 1986; 
Oltjen et al., 1986; Di Marco and Baldwin, 1989; 
Keele et al., 1992; Williams and Bennett, 1995; 
Kilpatrick and Steen, 1999; Oltjen et al., 2000; Hoch 
and Agabriel, 2004; Tedeschi et al., 2004). Because 
many factors inherent to the genetic makeup of the 
animal affect its composition of gain, the incorpo-
ration of nutrition with a genetic predisposition 
may likely advance the modeling and simulation of 
growth biology. Tedeschi (2015) provided a prelim-
inary modeling approach to combine a nutrition 
and growth model with molecular breeding val-
ues obtained from commercial, single-nucleotide 
polymorphism panels. The author indicated that 
the molecular breeding values for the ribeye area 
were an important piece of genetic information for 
increasing the precision in predicting mature weight 
at a given body composition.

The future of mathematical modeling intrigues 
many researchers. Understanding it guides the in-
vestment of resources, including the time devoted 
to new learning experiences, towards the develop-
ment of new techniques and the exploration of sci-
entific frontiers. As depicted in Figure 3, the rise in 
the development of MM for ruminants occurred in 
1985, and, as expected, a 10-yr delay was observed 
for pasture-related modeling. A collapse in the re-
lease of new MM for ruminant nutrition became 

evident after 2010. It is hard to distinguish when the 
period of great model development and idea-shar-
ing within the modeling community ended and the 
period of development decline and reshuffling of 
ideas within the community, plagued by a lack of 
innovation in nutrition modeling, started.

The field of animal nutrition modeling seems 
to have been stagnant for quite some time. On the 
one hand, this apparent stagnation may indicate that 
the field has reached a certain level of maturity that 
adequately meets the expectations of producers and 
stakeholders, taking away any pressure for further 
development. On the other hand, this apparent stag-
nation might be the reflection of many deficiencies 
acting alone or in combination that are suppressing 
interest by the scientific community and limiting 
resources to further develop the field. Continuous 
and effective communication and knowledge-shar-
ing with non-scientists stakeholders is vital to raising 
their awareness and appreciation for complex mod-
eling. Historically, however, this communication, 
including clear instructions on the acquisition of 
inputs needed to operate complex modeling in prac-
tice (Newman et al., 2000), has not been properly 
executed for many reasons (Cartwright et al., 2016).

There are indications that computer-based 
modeling and simulation are, in general, important 
in the learning and teaching of sciences, as well as 
proposals to include modeling in STEM (science, 
technology, engineering, and mathematics) curric-
ula (Feurzeig and Roberts, 1999). Systems thinking 
has been commended as a required discipline for 
the development of systems-oriented MM (Senge, 
1990; Sherwood, 2002). Systems thinking has to do 
with how we perceive the connection among entities 
(i.e., objects and variables) within a defined bound-
ary; in essence, it is how we see the forest for the 
trees. However, under specific circumstances, the 
shortage or decline of innovative modeling in agri-
culture and life sciences may be partially explained 
by academia’s failure to properly introduce students 
to MM (or systems thinking for that matter) and 
the overloading of faculty, which decreases their 
time for critical thinking about the subject.

Another deficiency leading to this apparent 
stagnation is the lack of novel ideas and concepts to 
further challenge the status quo. Reduced funding 
at the state and federal levels may have also contrib-
uted to the ever-declining rate of scientific produc-
tion in agriculture (Rouquette et al., 2009; Black, 
2018). The lack of learning experiences, slow trans-
fer of knowledge, and the shortage of resources 
may not be exclusive to agriculture, but they are 
certainly restraining its development.
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