
ABSTRACT 

FLORES MALDONADO, KARLINTON RAFAEL. Application of Machine Learning 

Methodology on Turkey Gut Health Data. (Under the direction of Dr. Jesse L. Grimes and 

Dr. Peter Ferket). 

 

This research aimed to create a methodology to use machine learning with turkey production 

and research data to predict the birds' body weight and detect future research data patterns. 

Machine learning is currently being used to handle big data, such as human medicine, to predict 

and detect patterns in drugs or diseases. In animal sciences, advances in biological data 

collection and analysis techniques like proteomics, genomics, and metagenomics produce a 

high influx of data.  However, the use of tools such as machine learning is limited in agriculture 

in general. A methodology to use animal science data set with machine learning is necessary. 

Thus, three experiments were designed to collect environmental, cecal microbiome, cloacal 

temperature, and pH of the small intestine were measured at 5 wk to predict 18 wk body weight. 

Performance was also measured through the birds' rearing to complement the 5 wk data set in 

the quest to predict 18 wk body weight of turkeys. Experiments were also subjected to 

statistical analysis of the treatments. The first experiment has a statistical analysis and a 

machine learning chapter. The second and third experiments were joined together into one 

statistical analysis and a machine learning validation and improvement of the first experiment. 

Thus, four manuscripts are being presented. 

The first experiment was designed around the mineral sources, and corn particle size 

fed to turkeys. Turkeys fed a mix of inorganic and organic minerals had a higher BW and 

breast yield than birds just fed an inorganic source of minerals. Increasing the corn particle 

size through the feed phases reduced the pelleting mill's energy; however, it decreased the 

birds' body weight at 18 wk of age. 



There was no significant difference between genetic lines in the second experiment. In 

the third experiment, the L2 line had a higher body weight. A rearing season effect was 

speculated based on the statistical analysis When common genetic lines were analyzed between 

the first and second experiment. Birds reared in the third experiment (fall) had a higher body 

weight than birds raised in the second experiment (spring).  

 For the first experiment, the machine learning analysis yielded a regression model that 

could predict 18 wk body weight with 14 wk data. This model had a correlation of 0.73 and a 

Root Mean Square Error of 0.26. The model was then validated and improved with data from 

the second and third experiments. The improved model yielded a correlation of 0.81 and a Root 

Mean Square Error of 0.58.  The model's most critical variables were the genetic line, the 

rearing season, and the birds' body weight at 5 and 14 wk of age. The extracted patterns 

(selected attributes) from the data were the model variables and two bacteria species—an 

uncultured species of the Harryflintia genus and Butyricicoccus pullicaecorum. More research 

has to be conducted to improve the body weight predictions' performance and determine the 

selected attribute effect on body weight. A methodology has been set to create, validate, and 

improve models while detecting animal production and research data. 
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LITERATURE REVIEW    

A high influx of data. At Present, society is producing vast amounts of different types 

of data. In 2017 alone, 2.5 quintillion bytes of data were generated in one day (DOMO, 2017). 

As examples of rapid data generation, 69,444 LinkedIn users applied for jobs every minute of 

the day in 2020 (DOMO, 2020). These data sets need new tools to be analyzed. Machine 

learning (ML), a part of artificial intelligence, is at the forefront of analyzing the high volume, 

velocity, variety, variability, and veracity of data produced every day (SAS, 2021). Technology 

as ML will play a critical role in the future as the National Science Foundation's budgets are 

intended to increase dramatically for high technology research solutions (Mervis, 2020; 

Mervis, 2021). Agriculture is not behind by producing sizeable biological data sets as the omics 

(proteomics, genomics, metagenomics, and metabolomics), microbiome taxonomy, drug, farm 

records, performance, and farm sensors data sets. In most of these data sets, bioinformatics 

statistics are used to discern any effect of treatments on them. For example, Quiime2 software 

(Bolyen, et al., 2019) is one of the most popular tools used to analyze microbiome data sets 

(Berg et al., 2020). With the Qiime2 tool, the users can use the sequenced microbiome data set 

and analyze beta diversity (Lozupone et al., 2011), alpha diversity (Thukral, 2017), Analysis 

of Composition of Microbiome (ANCOM) (Mandal et al., 2015), and taxonomy classification. 

However, the taxonomy classification is different from the other analysis as it uses ML to 

match the sequences to the specific database that has the organism's taxonomy. A pre-trained 

Naïve Bayes classifier does this process (Bokulich et al., 2018) that searches two different 

(16S/18S rRNA) databases, the Greengenes (McDonald et al., 2012) and SILVA (Quast et al., 

2012) databases. The 16S rRNA is a phylogenetic marker developed by Woese and Fox (1977) 

to identified and barcode specific bacteria, fungi, algae, archaea, and protist in their habitats 
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(Berg et al., 2020). The pre-trained classifiers build data sets with all the organisms found and 

their feature number in the fecal or cecal samples. This list has a great value, as it could be 

analyzed with ML to answer how a specific organism affects performance.  

Machine Learning and Data Mining in Biology. Machine Learning is present in 

smartphones, web searching, drug discovery efforts, consumer preference recognition, and 

even reconstruction of brain circuits (LeCun et al., 2015). Liu et al. (2020) defined ML methods 

as the practice to generate predictive models based on learning feature patterns from data to 

predict new data through the constructed model. To make a reliable prediction, the quality and 

variety of data must be in ML (Liu et al., 2020). These requirements can be achieved with large 

biological data sets. However, caution must be part of the process. The user must be able to 

identify the biological and practical values of the models. Interpretability becomes paramount 

in ML methodologies (Haddouchi and Berrado, 2018). Another concern is the accessibility 

and learning curve of ML algorithms to the poultry scientist. In other words, is there an 

accessible methodology and software that can use ML algorithms? The Waikato Environment 

for Knowledge Analysis (WEKA) and its training resources (Witten et al., 2016a; Witten et 

al., 2016b; Bokulich et al., 2018) could be the key to start analyzing research poultry data.  

 Machine Learning has been used in the clinical realm to analyze biological data sets 

to research cancer, HIV/AIDS, and drug discoveries (Al Mazari, 2018; Haddouchi and 

Berrado, 2018; Akay and Hess, 2019; Liu et al., 2020). Also, ML has been used in the 

agriculture realm to integrate farms, depending on the record-keeping, consolidating Brazilian 

cattle farm data sets (Aiken et al., 2019). The ML techniques work great while predicting 

female or male perch based on proteomics data (Schilling et al., 2015). Chapman et al. (2014) 

could predict the striped bass egg quality using ML with great precision. Microbiome data sets 
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have been used as predictors for swine growth and carcass traits (Maltecca et al., 2019).  

However, is ML being applied in poultry science? 

Machine learning and Poultry Sciences. ML has been used in poultry to create poultry 

management and action plans based on the farm managers' environmental factors (Ribeiro et 

al., 2019). Rizwan et al. (2016) used sound data from chickens and ML to predict the presence 

or not of rale, a symptom of respiratory disease in poultry. Listeria spp. Prevalence is being 

predicted with ML algorithms in free-range farms (Golden et al., 2019). Detection of pathogens 

in processing lines could be accomplished with ML by mapping the carcass's microbiome 

(Feye et al., 2020). Ellis et al. (2005) used ML to differentiate between muscle fibers sourced 

from a chicken or a turkey and even differentiate between a chicken breast and leg to avoid 

food adulteration. Machine Learning algorithms created models with high precision to predict 

egg freshness with dielectric spectroscopy data sets (Soltani and Omid, 2015). Okinda et al. 

(2020) discuss and review the use of ML and deep learning on image data sets for animal 

welfare and live weight estimation systems. Different methods are available for poultry ML 

usage; caution must be exercised when using them because it will not replace experience and 

common sense (Pitesky et al., 2020). Questions and data sets sources need to be precise. These 

studies are a small sample of ML solutions to the challenges the poultry industry faces and are 

trying to solve. 

Challenges in Poultry and Available Data. Antibiotics have been used for multiple 

decades in producing animal protein in the world and United States (Dibner and Richards, 

2005). Most of them are used to prevent, control, and treat clinical disease and as antibiotic 

growth promotors (McEwen and Fedorka-Cray, 2002). Patrick (1951) concluded that dietary 

supplementation of antibiotics could result in growth stimulation in turkeys, but the 
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stimulation's degree could not be predicted. Simultaneously, observational studies and 

randomized trials showed a connection between antibiotic usage in food production animals 

and the prevalence of antibiotic-resistant bacteria (Landers et al., 2012). The first reported 

antibiotics used as growth promoters (AGP) resistance was when streptomycin was formulated 

into experimental turkey feeds (Starr and Reynolds, 1951). When tetracycline was fed to 

broilers, antibiotic resistance was reported (Barnes, 1958; Elliott and Barnes, 1959). Although 

there were concerns about antibiotic resistance in those decades (Elam et al., 1951b; Elam et 

al., 1951a), residual levels of drugs and fungal overgrowth in animals were a higher concern 

(Ainsworth and Austwick, 1953). The Food and Drug Administration (FDA) approved the use 

of antibiotics in animal feeds with no prescription in 1951, and by 2002, 32 antimicrobial 

compounds were approved for use in the U.S. broiler industry (Jones and Ricke, 2003). The 

Authors mention that Fifteen-compounds were listed for coccidiosis treatment, eleven listed as 

AGPs, and 6 for other purposes. Surveys from reliable sources showed similar levels of 

antibiotics are used in agricultural and human health arenas, which has resulted in calls to limit 

or eliminate the use of human health-important antibiotics in animal feeds (Hume, 2011). The 

European Union and South Korean AGP ban (Cogliani et al.; Emborg et al., 2002; Ziggers, 

2011; Salim et al., 2013), and the Veterinary Feed Directive (VFD) final ruling (Food and 

Drug, 2015; Food and Drug, 2018a; Food and Drug, 2018b) in the USA are examples of 

regulatory movements towards restrictions of AGP and human medical antibiotics in animal 

feed.  

Alternatives for antibiotics have been one of the focus areas of study to recent research 

in poultry, prebiotics and probiotics in broilers, litter quality, feed form, feed quality, organic 

acids in turkeys as some recent examples (Milbradt et al., 2014; Flores et al., 2020b; Flores et 
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al., 2021b; Flores et al., 2021a). Great emphasis has been given to the animals' gut health, 

including the gut microbiome. All these alternatives solutions or study areas are studied to 

discern their effect on poultry performance and the bird's microbiome or microbiota. 

Microbiota should be defined as all living members forming the microbiome because it 

encloses all the microbial structural elements and internal or external (Theatre of activity) 

(Berg et al., 2020). Which makes microbiome data sets extensive. This means that many 

complex data sets are being produced every year while researching AGP alternatives, like corn 

particle size, mineral source, genetic lines, and others. These alternatives and their extensive 

microbiome data sets with many variables usually have a few replicates or have missing values 

because of their delicate handling, analysis, and cost. They are perfect to be studied with ML 

methods, where high amounts of variables are valuable. However, first, there should be a basic 

understanding of the principal treatments of the experiments. In this case, we will focus on 

Corn particle size, mineral source, and genetic lines.   

Corn Particle Size. By milling the grains, we reduce the amount of work done by the 

poultry, thus reducing the gizzard's muscle mass (Ferket, 2000). While increasing the particle 

size or feeding whole corn increases the gizzard's muscle mass and increases digestibility. This 

is because the gizzard is considered the "pace-maker" of gut motility (Duke, 1994) and 

regulates reverse peristalsis (Ferket, 2000). Enhanced poultry performance is observed when 

feeding a coarser or whole grain because of the increase in the gizzard's weight and 

functionality (Singh et al., 2014; Liu et al., 2015b; Moss et al., 2017).  

Most studies in the literature compare the same two particle sizes of corn or whole-

grain feeding through the feed phases (Portella et al., 1988; Ferket, 2000; Hetland et al., 2002; 

Charbeneau and Roberson, 2004; Favero et al., 2009; Svihus, 2011; Favero et al., 2012; 
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Jankowski et al., 2013; Singh, 2013; Singh et al., 2014; Liu et al., 2015a). In Turkeys particle 

size studies are mostly done at early stages of age and (Charbeneau and Roberson, 2004; Santos 

et al., 2006; Favero et al., 2009; Favero et al., 2012), with whole grain and single-particle size 

through feed phases (Ferket and Veldkamp, 1999; Jankowski et al., 2013; Singh, 2013; Singh 

et al., 2014). However, it has been postulated that generally, an increase in particle size 

increases digestibility and performance measured as FCR in poultry (Favero et al., 2009).  

Increasing the ingredients' particle size and adding post pelleting can also reduce 

energy usage by the whole feed mill operation. The idea of adding an ingredient following the 

steam-pelleting process is not new. In Australia, 15 to 20% of whole grains are added post 

pelleting to enhance broiler performance while offsetting the feed milling cost (Moss et al., 

2017; Truong et al., 2017). Whole wheat is common in European countries, Australasia, and 

Canada (Singh et al., 2014; Liu et al., 2015a). Jankowski et al. (2013) recommend adding up 

to 25 to 30% replacement of ground wheat with post-pelleted whole wheat. No study was found 

where coarse corn alongside whole corn was increasingly added in turkey rations. One of the 

concerns of adding corn as post pelleting is the decrease of gelatinization of this ingredient. 

Gelatinization of starch adds a specific amount of water and heat to disorganized starch 

molecules inside the starch granules (Moran, 1982b; Svihus, 2014). Starch gelatinization is 

regarded as a positive process for starch digestibility in poultry. It increases the dissolubility 

of starch with α-amylase (Mercier and Guilbot, 1974; Moran, 1982b; Svihus, 2014; 

Massuquetto et al., 2020). Mercier and Guilbot (1974) postulated that combined use of steam 

condition and die friction in the pelleting will increase gelatinization and significantly affect 

starch digestibility. However, in more recent studies summarized by Svihus (2014), it has been 

shown that only a limited amount (5% to 30%)  of the starch is gelatinized in the pelleting 
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process.  It also must be considered that α-amylase is produced in vast amounts by poultry to 

digest the untreated starch (Moran, 1982b; Svihus, 2014). Most problems with starch 

digestibility come with the addition of wheat and not corn in the diets. This is explained 

because of the different types of starch granules of the cereals. Corn has small unimodal 

granules and wheat big bimodal granules (Svihus, 2014). However, Hetland et al. (2002) 

demonstrated an impressive 0.98 starch digestibility coefficient when feeding 44% whole 

wheat. Massuquetto et al. (2020) have postulated an attractive solution of the low gelatinization 

of corn through the pelleting process by the high-temperature short-time process of expanding 

the corn before pelleting. Expanding the corn before adding it post-pelleting could be a future 

research opportunity. After expanding at 105°C average temperature, 3.5% steam addition, and 

96 kgf/cm2 pressure during 4 s. the corn can be milled to the desired particle size (Massuquetto 

et al., 2020).  

The mismatch of particle size fed to the birds could be another reason for a lower BWG 

at 8-11 wk of age for birds fed coarse corn. The mean particle size of 2500 µm was fed to the 

coarse corn treatment turkeys during that 3 wk period. The particle size could have been a 

promotor to decrease feed intake at that age by not matching the beak size. No information was 

found on the expected size of the beak at that age. It is known that the mechanoreceptors in the 

beak are of great importance for the ability to prehend feed and FI behavior (Moran, 1982a); 

it has been shown in broilers that as the birds' ages increase, its feed particle size preference 

also increases (Portella et al., 1988).  

Multiple papers and authors agree that there should be digestion, gut motility, and 

reverse peristalsis with a heavier gizzard (Ferket, 2000; Hetland et al., 2002; Charbeneau and 

Roberson, 2004; Santos et al., 2006; Favero et al., 2009; Favero et al., 2012; Jankowski et al., 
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2013; Moss et al., 2017; Truong et al., 2017). (Moss et al., 2017) using an equilateral triangle 

design demonstrated in broilers that for an optimum FCR of 1.446, a mix of 28.67% ground 

wheat, 42.66 pre-pelleted whole wheat, and 28.67 post-pelleted wheat was the right amount 

for performance. Santos et al. (2006) found no effect on feeding 3000 µm corn to 28d old 

poults. As Ferket (2000) reminds us, grinding grains have an energy cost by the bird, that we 

need to balance the benefits of the gizzard and the energy used by milling of the same 

ingredient by the mill. Our study's cost in bird performance was shown in BW but not in FCR 

at market age. This cost in BW loss must be analyzed with cost-benefit analysis in each 

operation with the feed milling energy savings.   

Chelated Minerals. Zinc (Zn) is needed for over 200 enzymes (Ao and Pierce, 2013). 

These enzymes are for growth, nutrient metabolism, immune system, disease control, 

reproduction, and antioxidant functions (McDowell, 2003; Park et al., 2004; Suttle, 2010). It 

is involved in the metabolism of proteins, carbohydrates, lipids, and nucleic acids.  One 

example of such enzymes is superoxide dismutase, where Zn is a structural component. 

Another free radical scavenger formed by Zn is the metallothioneins. Manganese (Mn) is 

needed for bone development, nervous system, reproduction, cell structure, antioxidants 

system, and nutrient metabolism (Suttle, 2010; Jankowski et al., 2018; Ognik et al., 2019).   

There are two main sources of mineral delivery and a new way to reduce both system 

particle sizes. The first is the oxide and sulfate saline forms. As an example, we have Zn oxide 

and Zn sulphate. Micro minerals are mostly supplemented in their saline forms in the poultry 

industry (Vieira, 2008). For example, zinc oxide is responsible for 80% to 90% of the industry 

supplementation of zinc in the poultry industry (Sandoval et al., 1997). The high use of zinc 

oxide is because of Zn and Mn's oxide form's low cost compared to sulfate and chelated form 
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(Bao and Choct, 2009; Suttle, 2010; Singh et al., 2014; Patra and Lalhriatpuii, 2020). The main 

concern with the oxide form of any mineral is its reduced bioavailability (Patra and 

Lalhriatpuii, 2020). Sulfated minerals have higher bioavailability but are highly reactive and 

can generate free metal ions, and are more expensive (Patra and Lalhriatpuii, 2020). These free 

metal ions can degrade vitamins, fats, and oils (Batal et al., 2001). These free ions can also 

interact with phytate and reduce phytase's hydrolysis (Maenz et al., 1999; Ondracek et al., 

2002; Banks et al., 2004). The order in which the microminerals ions inhibits phytase 

hydrolysis is Zn2+ > Fe2+ > Mn2+ > Fe3+ > Ca2+ > Mg2+ (Maenz et al., 1999). 

The second form of delivery of minerals to the birds is organic forms. Organic minerals 

are coordinate bonds of minerals with proteins, carbohydrates, or amino acids (Vieira, 2008).  

In these forms, we have chelated minerals and proteinates. Chelate comes from the Greek 

"Chele," which means claw. When referring to chelation, a mineral is between the two amino 

acids (claw form). Vieira (2008) does a great job summarize what chelation is and why it is 

crucial in poultry. In the case of proteinates, the mineral is embedded in a giant polypeptide 

molecule. Both chelated and proteinates are more expensive than the saline forms of the 

mineral to deliver.  Despite their higher cost, chelated minerals do not interact with other 

molecules because they are stable (Kratzer, 2018).  The methionine chelated Zn and Mn have 

a higher bioavailability, less interaction with other molecules, and a higher cost (Vieira, 2008; 

Kratzer, 2018).  

 Ao and Pierce (2013) do a great job summarizing all the literature on using chelation 

of minerals with proteinates on broilers diets. The levels of Cu, Mn, Fe, and Zn can be reduced 

to 30% (Perić et al., 2007) and up to 25% (Pierce et al., 2005) NRC recommendations. Leeson 

et al. (2008) used levels of chelated minerals at 20% of the inorganic minerals with no adverse 
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effect on broilers' performance. A reduction of mineral levels when fed organic sources of 

minerals without affecting performance was also observed (Nollet et al., 2007; Petrovič et al., 

2009). 

The new technology developed in the last decade reduces both saline and organic forms 

of minerals into nanoparticles (NP). Nanoparticles are defined as particles with a here 

dimension size of < 100 nm (Hochella Jr, 2002; Titma et al., 2016).  Although NP can be 

formed and found naturally in ashes, biomolecules, and soil (Buzea, et al., 2007), they can also 

be synthesized. Patra and Lalhriatpuii (2020) review the effect of NP of minerals and metals 

in poultry. The authors discuss in detail the different processes in which the NP can be 

synthesized.  They can be synthesized with a physical, chemical, and biological methodology, 

each with its pros and cons and NP's particle size (Patra and Lalhriatpuii, 2020). In turkeys, 

research has been done with Cu, Zn, and Mn oxide NP forms. Jóźwik et al. (2018) measure the 

effect of the NP source of Cu, Zn, and Mn on the activity of aminopeptidases in the breast and 

thigh muscle. The author found that only 10% of the recommendation based on the NRC (NRC, 

1994), was necessary for homeostasis. The inclusion of more than 10% on the NP Cu source 

could even decrease aminopeptidase activity.  Jankowski et al. (2019b) had a similar question 

by measuring different doses, based on B.U.T. mineral recommendations, Cu, Zn, and Mn NP 

source. There was no negative impact on performance, immune system defense, or antioxidant 

activity in turkeys by feeding only 10% of the B.U.T. recommendations.  The mineral NP 

technology primary goal is to increase cellular bioavailability, increase efficiency, and reduce 

the minerals' environmental wastage. This will reduce the over-supplementation of 

microminerals. 
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There is an over-supplementation of Zn and Mn in the poultry industry. The Zn can be 

high thanks to animals' high tolerance (Alkhtib et al., 2020b). High levels of Zn, Cu, and Mn 

have been used as a possible coccidiosis mitigation strategy in poultry  (Bortoluzzi et al., 2020). 

Likewise, the lack of micromineral requirement knowledge in poultry increases even more 

over supplementing these minerals. We need to remember that the latest National Research 

Council (NRC) Poultry requirement guidelines were released in 1994 (NRC, 1994). This 

prompt the producer to increase the levels of cheap oxide Zn and Mn to have a safety net from 

any nutritional deficiency or disease challenge. In Europe, Zn's level as an inorganic source is 

about 144 mg/kg, which is 100 mg/kg higher than the recommend NRC level (Jankowski et 

al., 2019a). Mn is also used higher than its requirement using it in Europe at levels of 100 m/kg 

and can even cause cellular apoptosis (Jankowski et al., 2019c).  It was shown that Zn and Mn 

levels could be reduced to 10 mg/kg of Zn and Mn without affecting performance in both Zn 

and Mn. However, the authors recommend cutting it to 50 mg/kg (Jankowski et al., 2019a; 

Jankowski et al., 2019c).   

The low cost and the lack of clarity of the requirement of microminerals requirements 

make producers oversupply low-cost inorganic microminerals, increasing the excretion to the 

environment (Bao et al., 2007; Bao and Choct, 2009; Ao and Pierce, 2013; Bratz et al., 2013; 

Singh et al., 2014; Singh et al., 2015; Jankowski et al., 2019b; Jankowski et al., 2019c; 

Bortoluzzi et al., 2020; Patra and Lalhriatpuii, 2020). However, the environment is not the only 

reason why we need to stop the over-supplementation of microminerals. Ao and Pierce (2013) 

summarized the literature the three main reasons we need to reduce microminerals in the 

inorganic forms. The first one was to reduce detrimental interrelationships between minerals 

(Suttle, 2010). The antagonism relationships of minerals can reduce absorption, transport, and 
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even excretion of the minerals, creating a mineral imbalance (Powell et al., 2010; Joshua et al., 

2016). The second is the formation of soluble fractions with phytate, thus reducing the phytase 

efficiency (Maenz et al., 1999; Ondracek et al., 2002; Banks et al., 2004). The last reason 

reviewed by Ao and Pierce (2013)  is the environmental burden (Blanco-Penedo et al., 2006). 

Genetics Lines Improvements in Poultry. The poultry industry has been thriving for 

its genetic selection and nutrition advances. However, a rapid genetic selection strategy that 

brings success has also brought challenges, as leg problems, livability, ascites, muscle 

abnormalities, pale soft exudative, and even cooked product characteristics (Anthony, 1998). 

In some cases, even unexpected consequences like animal welfare reduction and increase on 

rare recessive alleles with adverse effects on fitness (Hocking, 2014). In turkeys, an increase 

in body weight selection resulted in a lower immune response in two commercial breeds 

(Bayyari et al., 1997).  Keeping up with the characterization by monitoring poultry's genetic 

pool is critical to provide information to the market (Tixier-Boichard et al., 2009). It is also 

noted that the poultry industry's success has also been because there is proprietary information 

(Tixier-Boichard et al., 2009). There is a lack of recent turkey secondaries' adverse effects of 

performance selection and current performance comparison. Therefore, a comparison between 

current genetic lines, disguised under a generic label, is essential. These comparison 

experiments can also yield microbiome or microbiota data sets similar to the gut and 

respiratory commercial turkey data presented by Taylor et al. (2020), then later analyzed 

through ML.  

The More Data, the Better. Large biological data sets with many variables and a small 

number of variables (omics sciences and industry data) are not viable to analyze with statistics. 

Statistical models can be applied in data containing more observations than variables. Machine 
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learning (ML) allows researchers to include treatments plus multiple categories of variables 

with few observations. Adding all the data collected from experiments with different sources 

of minerals, corn particle size, and genetic lines and its microbiome data set will create an 

extensive biological data set. The more data collected, the more patterns can be explored, 

mined, studied, and then tested.  

 Thus, this manuscript's main objective is to create an ML methodology that can be 

used with large animal data sets. Two questions will be answered in the process. Does the bird's 

BW as a continuous or nominal value can be predicted? What are the essential data patterns 

discovered in the data set? The herein manuscript will start with a nutritional experiment as 

the first data source, with its respective statistical analysis. The data collected from this 

experiment will be analyzed with ML and described in the second manuscript. A second data 

source, where turkey genetic lines were tested with the same feed, will be discussed in the third 

chapter. In the fourth chapter, data from the second data source and ML will be used to validate 

and improve the ML analysis discussed in chapter 2. A summary of the key findings will be 

presented at the end of the manuscript. 
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Effect of methionine chelated Zn and Mn and corn particle size on Large White male 

turkey live performance and carcass yields. 

 

ABSTRACT 

Most turkey research has been conducted with a regular corn particle size set through phase-

feeding programs. This study's first objective was to determine the effect of increasing corn 

particle size through the feed phases on performance, processing yield, and feed milling 

energy usage in Large White commercial male turkey production. Zinc (Zn) and manganese 

(Mn) are essential micro minerals for animals' healthy growth. The source in which these 

elements are supplied to the bird will determine their bioavailability, effect on bird growth, 

and subsequent environmental impact. This study's second objective was to measure both 

inorganic and chelated Zn and Mn sources on turkey performance, turkey carcass processing 

yields, and subsequent litter residues. Twelve hundred Nicolas Select male poults were 

randomly assigned to 48 concrete; litter-covered floor pens. The experimental design was a 

completely randomized block design with a 2×2 factorial arrangement of 2 sources of 

minerals (organic vs. inorganic) and two levels of corn particle size (coarse corn vs. fine 

corn). Birds performance, carcass processing yield, litter content of Zn and Mn, and pellet 

mill energy consumption were analyzed in SAS 9.4 in a mixed model. There was a reduction 

of pellet mill energy usage of 36% when coarse corn was added post-pelleting.  Birds fed an 

increasing coarse corn particle size were 250 grams lighter on average in body weight (BW) 

than birds fed a constant control particle size. No difference was found in feed intake (FI) or 

feed conversion ratio (FCR).   Birds fed methionine chelated Zn and Mn blended with 

inorganic mineral sources were 250 g heavier on average than birds fed only an inorganic 
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source of minerals. In addition, feeding organic Zn and Mn resulted in greater breast meat 

yield. Litter from birds fed the control corn particle size, and inorganic minerals had a higher 

amount of Zn in the litter.  In conclusion, increasing the corn particle size and adding it post 

pellet could save money at the feed mill; however, birds might have a slightly lower BW. A 

combination of inorganic and chelated Zn and Mn may improve performance and increase 

total breast meat yields.
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INTRODUCTION 

Enhanced poultry performance has been observed when feeding a coarser or whole-

grain feed because of the increase in the gizzard's weight and functionality (Singh et al., 2014; 

Liu et al., 2015a; Moss et al., 2017). By milling the grains, the gizzard's amount of work is 

reduced, thus reducing the gizzard's muscle mass (Ferket, 2000). Increasing the particle size 

or feeding whole corn increases the gizzard's muscle mass and may increase digestibility.  This 

may be because the gizzard has been considered to be the "pace-maker" of gut motility (Duke, 

1994) and regulates reverse peristalsis (Ferket, 2000). Increasing the particle size of ingredients 

can also reduce energy usage by the feed mill. Most studies in the literature compare a constant 

control and a high particle size of corn or whole-grain feeding through the feed phases (Portella 

et al., 1988; Ferket, 2000; Hetland et al., 2002; Charbeneau and Roberson, 2004; Favero et al., 

2009; Svihus, 2011; Favero et al., 2012; Jankowski et al., 2013; Singh, 2013; Singh et al., 

2014; Liu et al., 2015a). This study's first objective was to understand how increasing the 

coarse corn particle size by 500 µm for each phase from the starter (1000 µm) to the finisher 2 

(3500 µm) affects live bird performance, carcass processing yields, and pellet mill energy 

consumption. 

Zinc (Zn) is an essential mineral for growth, nutrient metabolism, immune system 

activity, disease control, reproduction, and also serves an antioxidant role (McDowell, 2003; 

Park et al., 2004; Suttle, 2010; Naz et al., 2016; Abd El-Hack et al., 2017). These functions are 

fulfilled, in part, by the requirement of Zn for regular physiological activity of over 200 

enzymes (Ao and Pierce, 2013).  Manganese (Mn) is needed for bone development, nervous 

system function, reproduction, cell structure, antioxidant systems, and nutrient metabolism 

(Suttle, 2010; Jankowski et al., 2018; Ognik et al., 2019). The poultry industry widely uses 
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saline forms of Zn and Mn for their low cost and availability (Sandoval et al., 1997). 

Methionine chelated Zn and Mn have a higher bioavailability, less interaction with other 

molecules, and a higher cost (Vieira, 2008; Kratzer, 2018). Most studies in the literature have 

specific sources that are not combined and are fed as a titration in order to establish 

requirements that do not negatively affect performance or carcass yield (Bao et al., 2007; Nollet 

et al., 2007; Perić et al., 2007; Leeson et al., 2008; Bao and Choct, 2009; Ao and Pierce, 2013; 

Sahoo et al., 2014; Uniyal et al., 2017; Jankowski et al., 2018; Jóźwik et al., 2018; Jankowski 

et al., 2019a; Jankowski et al., 2019b; Jankowski et al., 2019c; Khatun et al., 2019; Patra and 

Lalhriatpuii, 2020).  The second objective of this study was to evaluate the effect of feeding 

inorganic sources of Zn and Mn along with their chelated forms on bird live performance, 

carcass processing yields, and excretion as measured by litter residue.  

 

MATERIALS AND METHODS 

Treatments and experimental design.  The experimental design was a completely 

randomized block design with a 2 × 2 factorial arrangement of 2 levels of corn particle size 

and 2 sources of mineral in the feed. The birds were fed diets that increased in particle size 

with each feed phase. The feed had either a control feed particle size of 100 % of 270 µm or 

a mix of 270 µm with 2500 µm or whole corn to achieve the feed phase's desired particle 

size. The mineral sources used for the experiments were an organic source, LiquiTrace ZM 

(Global Animal Products, Amarillo, TX), and an NCSU inorganic premix. All feed treatment 

mineral content was formulated based on the Aviagen male turkey minerals 

recommendations (Aviagen turkeys, Lewisburg, WV) (Aviagen Group, 2021). 
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Feed manufacturing. Coarse corn was ground in a roller mill (Model C128889, 

RMS, Sea, SD), and fine corn was ground in a hammer mill (Model 1522, Roskamp 

Champion, Waterloo, IA). The settings used for the roller mill were 50 % open for both the 

top and bottom roll pairs, yielding a corn particle size of 2500 µm. The hammermill used 

numbers 6 and 8 screens to achieve a corn particle size of 270 µm.  Whole corn (10000 µm) 

was used in combination with 2500 µm corn to raise the mean corn particle size in feed 

phases that required a corn particle size above 2500 µm. The maximum amount of whole 

corn used in the formulation was 10% of the total ratio. 

The minerals used for the experiment were from both inorganic and organic sources. 

All treatments were formulated to meet the Aviagen nutritional recommendations for 

minerals. The North Carolina State University Feed Mill Education Unit's standard mineral 

premixes were used as the inorganic source. The starter 1&2 feed phases were supplemented 

with copper using a premix of 4% copper sulfate and 96% corn at 0.067% and 0.083% of the 

diet, respectively. No copper supplementation was added to the remaining feed phases. Feed 

treatments containing an organic mineral source were formulated using both the inorganic 

and an organic premix. The organic premix was formulated for each feed phase, using 

different levels of iron sulfate, copper sulfate, calcium iodate, and ground corn. 

LiquidTrace® ZM (Global Animal Products, Amarillo, TX) was included at 10% of the 

amount of all feed phases' organic premixes and included to supply 40 mg/kg Zn and Mn.  

The inclusion of supplemental DL-methionine was decreased in organic mineral diets 

according to that supplied by LiquiTrace® ZM, such that all treatment diets were equal in 

sulfur-containing amino acids.  
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 All the fine corn, mineral sources, and other ingredients were batched and mixed in a 

2-ton counterpoise ribbon mixer (Model TRDB126060, Hayes & Stolz, Fort Worth, TX) for 

3 minutes of a dry mix followed by 90 seconds of a wet mix. All treatments were then 

conditioned for 30 seconds at 175˚F in a single pass conditioner (Model C18LL4/F6, 

California Pellet Mill, Crawfordsville, IN). The feeds then were pelleted by a 30 HP pellet 

mill (Model PM1112-2, California Pellet Mill, Crawfordsville, IN), using an 11/64" × 1 3/8" 

pellet mill die. Each treatment's pellets were cooled in a counterflow cooler (Model 

VK09X09KL, Geelen Counterflow USA, INC, Orlando, FL). The starter 1 was then 

crumbled (Model 624s, Roskamp Champion, Waterloo, IA).  After crumbling or pelleting the 

feed, coarse corn and post-pellet fat were added to the 2-ton counterpoise ribbon mixer and 

mixed for 90 seconds. This process yielded 4 feed treatments per feed phase, two of which 

had the coarse corn added after the feed was pelleted. 

Housing and management. This study was conducted in a curtain-sided house with a 

concrete floor. There were 48 total pens (8.4 m2/pen), 8 pens per treatment, and 25 birds per 

pen. All pens were bedded with fresh pine shavings. Nicholas Select (Aviagen Turkeys, 

Lewisburg, WV) male poults (1200) were placed on the day of hatching. Poults were beak 

conditioned at the hatchery as it is standard practice for tom poults in the industry. Each pen 

of poults was weighed at placement. The birds were weighed individually with a digital scale 

(A&D Company, AND HV-200KGL, San Jose, CA) at 5 wk and then every 3 wk until 18 wk 

of age. The weight of each pen of birds plus culls and mortalities was used to determine the 

feed conversion ratio (FCR). Feed and water were offered ad libitum throughout the study. 

All animal handling procedures were approved by the NCSU Institutional Animal Care and 

Use Committee. 
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Feeding program. The birds were fed six feed phases (starter 1, starter 2, grower 1, 

grower 2, finisher 1, and finisher 2) on a feed weight per bird feeding program (Table 1).  

Feed weight was recorded when added to feeders. At 5, 8, 11, 14, and 18 wk, feeders plus 

unconsumed feed were weighed to calculate feed disappearance as intake (FI) was used to 

determine FCR. 

Feed analysis.  Proximate analysis was outsourced for dry matter, crude protein, 

crude fat, minerals, and total lysine for samples (250 g) of each dietary treatment by phase 

(Carolina Analytical Services, Bear Creek, NC).  

Pellet mill energy consumption estimates. The pellet mill motor load (kW) was 

recorded by the automation system (Repete, Sussex, WI) for each diet and feed phase. Using 

the time spent (Hr) to pellet each diet and the batch's total production in tonnes of feed, an 

estimated production rate (tonnes/Hr) was calculated. Energy consumption (kW*Hr/tonnes) 

was subsequently estimated. The feed phase data were collected for grower two and finishers 

1 & 2. One replicate per treatment was taken for these feed phases. The feed phases served as 

a random block effect in a Proc mixed model in SAS 9.4.   

Pellet Durability. The Holmen pellet durability test (durability tester Model 

NHP100, Holmen Group, Stockholm, Sweden) was used to determine pellet durability. Four 

representative 100 g samples from each feed phase and treatment were agitated for 30 

seconds or 60 seconds, whole remaining pellets were weighed, and PDI was calculated as the 

percentage of pellets (by weight) left after the test. No statistical analysis was performed for 

PDI due to the lack of true replicates.  

Corn particle size determination.  Corn particle size and variation calculations were 

determined using the American Society of Agricultural and Biological Engineers standard 
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methodologies (ASABE S319.4). Treatment composite samples were collected from each 

feed bag. Three subsamples were collected from each composite sample after being 

homogenized. From each subsample, 100 g of feed and 0.5 g of sieve aid were weighed for 

sieve analysis. The sieves used were U.S. sieves 4, 6, 8, 12, 16, 20, 30, 40, 50, 70, 100, 140, 

200, 270, and a collection pan. The sieves' groups were shaken in a sieve shaker (Ro-Tap 

Model RX-29, W.S. Tyler Industrial Group, Mentor, OH) for 15 min. The feed present on 

each sieve was weighed in grams and analyzed per formulas described in ASABE S319.4 for 

the log-normal mean particle size and standard deviation.  

Processing. At 18 wk, two randomly chosen birds per pen were processed at the 

North Carolina State University poultry processing plant. Live, hot carcass, gizzard, and cold 

carcass weights were recorded. The hot carcasses were chilled overnight in unstirred ice-

chilled water. The resulting cold carcasses were then weighed and cut into thighs, legs, 

wings, major and minor breasts, abdominal fat, and frame. The frame weight included the 

breast skin. The percentage of total yield was based on a hot and cold carcass. The parts 

percentage yield was calculated based on the cold carcass weight. Statistical analysis was 

conducted using SAS 9.4 using a proc mixed model. The mean of the 2 subsamples per pen 

was used as the experimental unit, and the block was the random effect.  

Tibia strength, and calcium, zinc, and manganese content.  Bones were cleaned of 

all flesh. Fibula (perone) was left in place and was accounted for in all the analyses. Bone 

strength was measured with a TA-HD plus texture analyzer (Texture Technologies Co, South 

Hamilton, MA) with a size load cell of 250 kg. Bones were fat extracted before ashing. 

Bones were wrapped in cheesecloth and then submerged in petroleum ether for 72 hr. They 
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were then placed in a ventilated hood for 1 d before they were dried for 24 hr at 60 °C in a 

Blue M drying oven (General Signal, Blue Island, IL). 

Upon close inspection subsequent to completing this procedure, it was determined 

that the turkey tibias had some fat residues remaining. It was decided that a second fat 

removal step was needed. Bones were reduced in size with a mallet to increase the samples' 

surface area, the process described above was repeated, and the bones were then determined 

to be ready for ashing. Known weights of samples were placed in labeled ceramic crucibles 

with known weights and placed overnight in a furnace at 600 °C. One gram of tibial ash was 

taken per pen to be analyzed for calcium, zinc, and manganese. The samples were hydrated 

with 2 mL of distilled water and boiled with 4 mL of hydrochloric acid 6 normal (HCL6N) 

for 5 min. Another 4 mL of HCL6N was used before the solution was filtered with ashless 

paper and diluted with 200 mL of distilled water. Samples of 15 mL were then analyzed for 

the specified minerals by the Department of Crop and Soil Science laboratory (North 

Carolina State University, Raleigh, NC).  

 Zinc and manganese litter residues. Clean new pine shavings were used for bedding 

at placement. No other treatment or substance was added to the litter. At 18 wk, one pooled 

sample per pen was taken and then analyzed for Zn and Mn content. The pooled sample was 

taken in a zig-zag manner inside the pen, avoiding the drinker and feeder area.  All samples 

were analyzed by the Environmental Analysis Laboratory, Department of Biological and 

Agricultural Engineering, NC State University, Raleigh, NC 27695-7625 

Statistical analysis. This experiment had a completely randomized block design. All 

parameters measured were analyzed using the PROC MIXED procedure from SAS 9.4. (SAS 

Institute, Cary, NC). The block was considered a random variable in all analyses. Significant 
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differences in main effects were separated using the Tukey HSD test. A value of P ≤ 0.05 

was used to set a significant difference between the main and interaction effects of the 

parameters analyzed. 

RESULTS 

Feed analysis.  The ingredient composition of diets is shown in Table 1. The 

calculated nutrient composition of treatment formulations is presented in Table 2. The 

nutrient wet lab analysis of all treatments is presented in Table 3 and reflects the calculated 

nutrient content. 

Feed Mill energy consumption estimates. The pellet mill motor load and estimated 

pellet mill energy consumption for the treatments with coarse corn were lower than those 

with fine corn. There was also a higher estimated production rate for the coarse corn runs in 

comparison to those with the fine corn (Table 4). 

 Pellet durability Index. No statistical analysis can be done with the data collected 

from the one sample of feed analyzed. However, data collected from the 30- and 60-seconds 

Holmen procedures run are shown in Table 5. 

Performance parameters. No first-order interaction was found between the corn 

particle size and mineral source treatments for any performance variable at any point of the 

study. Birds fed coarse corn had a similar BW when compared to birds fed the fine corn until 

8 wk. From 11 wk to 18 wk, the birds fed coarse corn had a lower BW than the birds fed fine 

corn.  From 8 to 11 wk, there was a single period where there was a significant difference in 

BWG and FI. The birds fed coarse corn had a lower BWG and FI in that period than the birds 

fed fine corn (Table 6).  The organic mineral source resulted in a higher bird BW overall at 

18 wk compared to birds fed the all-inorganic mineral source. At 11 wk BWG was 
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statistically different due to feed mineral treatment. The organic mineral source resulted in 

significantly higher bird BWG at 11 wk compared to birds fed the total inorganic mineral 

source. At 5 wk, the birds fed the organic mineral source had significantly lower FI and 

improved FCR compared to the birds fed the total inorganic mineral treatment feed. There 

was also an improvement in FCR at 14 wk, but not at 18 wk of age (Table 7) due to feeding 

the organic mineral source treatment feed.  

Processing.  No first-order interaction was found between treatments on processing 

variables. No differences in hot or cold carcass weights were found between treatments.  

Birds fed coarse corn had heavier gizzards and a higher gizzard/live weight ratio (Table 8).  

The wing percentage yield was lower for birds fed coarse corn when compared to fine corn.  

The minor and total breast yield was higher, while frame yield was lower when birds were 

fed the organic source of minerals compared to the birds fed the inorganic source (Table 8).   

Tibia strength, and calcium, zinc, and manganese content.  No statistical difference 

was observed due to treatment in 18 wk old turkeys' tibia strength or bone calcium, zinc, or 

manganese content (Table 9). 

Zinc and manganese litter residues. There was a first-order interaction between 

treatments in the levels of Zn residues in the litter. When birds were fed fine corn and 

inorganic minerals, the Zn level was increased in the litter by 21% overall other treatment 

combinations (Table 10).  No interaction or main effects were found for Mn residues in the 

litter.  
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DISCUSSION 

Most reported studies on feed particle size in turkeys were completed at early stages of 

age (Charbeneau and Roberson, 2004; Santos et al., 2006; Favero et al., 2009; Favero et al., 

2012) with whole grain and single-particle size through all feed phases (Ferket and Veldkamp, 

1999; Jankowski et al., 2013; Singh, 2013; Singh et al., 2014) which is different from the study 

herein. However, it has been postulated that, generally, in poultry, an increase in feed particle 

size results in increased digestibility and performance as measured by FCR (Favero et al., 

2009). In this study, increasing the corn particle size through the feed phases resulted in an 

FCR that was not different at market age.  However, a difference in BW at 18 wk market age 

was observed due to feeding corn particle size, with birds fed fine corn being heavier than 

those fed coarser corn. 

The resulting BW difference at 18 wk could be related to a mismatch of particle size 

for bird age or a reduction in the corn nutritional value for the 8-11 wk period due to corn 

particle size. Before and after that 8-11 wk period, there was no significant change in BWG 

due to coarse and fine corn treatments. Flores et al. (2020a) reported a similar pattern of 

unrelated treatment effects on male commercial turkeys during this same period of growth. 

Therefore, the 8 to 11 wk period may be crucial for developing male turkeys raised for the 

market. During this period, relatively more muscle and less skeletal growth may occur. 

The decrease in BWG during the 3 wk period (8-11 wk) may be due to decreased starch 

gelatinization in non-conditioned corn. Gelatinization of starch adds a specific amount of water 

and heat to disorganized starch molecules inside the starch granules (Moran, 1982b; Svihus, 

2014). Starch gelatinization is regarded as a positive process for starch digestibility in poultry. 

It increases the dissolubility of starch with α-amylase (Mercier and Guilbot, 1974; Moran, 
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1982b; Svihus, 2014; Massuquetto et al., 2020). Mercier and Guilbot (1974) postulated that 

the combination of steam conditioning and die friction in the pelleting process will increase 

gelatinization and significantly affect starch's digestibility. However, in more recent studies 

summarized by Svihus (2014), it has been shown that only a limited amount (5% to 30%)  of 

the starch is gelatinized in the pelleting process.  It also has to be considered that α-amylase is 

produced in vast amounts by poultry to digest the untreated starch (Moran, 1982b; Svihus, 

2014). Most problems with starch digestibility come with the dietary addition of wheat rather 

than corn. This may be due to the different types of starch granules in the cereals. Corn has 

small unimodal granules, while wheat has relatively large bimodal granules (Svihus, 2014).  

However, Hetland et al. (2002) reported a 0.98 starch digestibility coefficient when feeding 

44% whole wheat. Massuquetto et al. (2020) postulated a solution for the low gelatinization of 

corn during the pelleting process by the high-temperature short-time process of expanding the 

corn before pelleting. Expanding the corn before adding it post-pelleting could be a future 

research opportunity. After expanding at 105°C average temperature, 3.5% steam addition, and 

96 kgf/cm2 pressure during 4 s, the corn can be milled to the desired particle size (Massuquetto 

et al., 2020).  

The mismatch of particle size fed to the birds could be another reason for a lower BWG 

during the 8-11 wk of age for birds fed coarse corn. The mean particle size of 2500 µm was 

fed to the coarse corn treatment turkeys during the 3 wk period. The particle size could have 

been a promotor to decrease feed intake at that age by not matching the beak size. No 

information was found on the optimal corn particle size to beak size relationship at that age. It 

is known that the mechanoreceptors in the beak are of great importance for the ability to 

prehend feed and affect FI behavior (Moran, 1982a). In broilers, as the bird ages, a preference 
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for increased feed particle size also increases (Portella et al., 1988). However, it is possible 

that the beak size during that 8-11 wk period in this study was not of the optimal size to prehend 

the corn particles in the coarse corn treatment.  Overall, the coarse corn feed strategy used 

herein resulted in a 21% increased gizzard weight (p< 0.001) over the birds fed fine corn, 

potentially increasing feed digestibility. In multiple reports, there appears to be agreement that 

there should be improved digestion, gut motility, and reverse peristalsis with a heavier gizzard 

(Ferket, 2000; Hetland et al., 2002; Charbeneau and Roberson, 2004; Santos et al., 2006; 

Favero et al., 2009; Favero et al., 2012; Jankowski et al., 2013; Moss et al., 2017; Truong et 

al., 2017). However, there may be a need to fine-tune the feeding scheme to optimally match 

corn particle size to the bird's age and size. Moss et al. (2017), using an equilateral triangle 

design, demonstrated in broilers that for an optimum FCR of 1.446, a mix of 28.67% ground 

wheat, 42.66% pre-pellet whole wheat, and 28.67% post-pellet whole wheat was needed. This 

idea of fine-tuning the 8-11 wk corn particle size is challenged by Santos et al. (2006), who 

reported no effect on feeding 3000 µm corn to 28d old poults. However, Ferket (2000) reported 

that the gizzard grinding of grains has an energy cost to the bird, and there is a need to balance 

the benefits of the gizzard and the energy used by milling. This cost in bird performance in this 

study was observed in BW but not in FCR at market age. In addition, this reduction in BW 

would need to be analyzed with cost-benefit analysis in each operation concerning the feed 

milling energy savings and potential increased feed production. Accounting for energy usage 

by the feed mill is essential to controlling production costs in integrated production. The 

reduction in pellet mill motor load and estimated time per tonne produced, and therefore a 

lower kilowatt hour per tonne of production, by adding corn post pelleting are logical. There 
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is a reduction of ingredients (corn) to be pelleted, and there is a decrease in milling energy 

usage when corn is ground coarser and is added post pelleting.  

Pellet quality (abundance of fines) should be carefully monitored when adding 

ingredients after pelleting. When corn is added post pelleting, the feed quality may change 

because a change in the proportions of ingredients can increase or decrease the pellet durability 

achieved during the pelleting process. The wheat percentage in the basal mix will increase, but 

so will the amount of fat. The mechanism in which corn is added to the pelleted basal is of 

great importance as this could be done by putting it back into the mixer (as was the case for 

the current study) or by blending it into the pelleted basal while loading the feed truck. The 

form and quality of the pellets are vital for higher performance in the early stages of turkey 

production because of the birds' prehension capacities (Flores et al., 2020b). The abundance of 

fines significantly impacts FI (or feed disappearance) and FCR at market age (Flores et al., 

2020a). The study herein presents PDI for feed treatments. However, no statistical analysis 

was done for the lack of comparative samples. Furthermore, the feed quality should be studied 

before making conclusions when the basal formula is pelleted without a high amount of corn 

in the mix due to the post pellet addition.  

The idea of adding an ingredient following the pelleting process is not new. In 

Australia, 15 to 20% of whole grains are added post pelleting to enhance broiler performance 

while offsetting the feed milling cost (Moss et al., 2017; Truong et al., 2017). Usage of whole 

wheat in feed is common in European countries, Australia, and Canada (Singh et al., 2014; Liu 

et al., 2015a). Jankowski et al. (2013) recommended adding up to 25 to 30% replacement of 

ground wheat with post-pelleted whole wheat. No study was found where coarse corn 
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alongside whole corn was increasingly added in turkey rations. The study herein has shown no 

effect on adding post pellet whole corn (21%) alongside coarse corn on FCR.  

Micro minerals are mostly supplemented in their saline forms in the poultry industry 

(Vieira, 2008). For example, at one time, zinc oxide was responsible for 80% to 90% of the 

industry supplementation of zinc in the poultry industry (Sandoval et al., 1997). The high use 

of zinc oxide is due to the low cost of Zn and Mn oxide forms compared to sulfate and chelated 

forms (Bao and Choct, 2009; Suttle, 2010; Singh et al., 2014; Patra and Lalhriatpuii, 2020). 

Although the cost may be higher, chelated minerals do not interact with other molecules due 

to increased stability (Kratzer, 2018). The decrease in interaction cannot be claimed for 

sulfated minerals, which are highly reactive and can generate free metal ions (Patra and 

Lalhriatpuii, 2020). These free metal ions can degrade vitamins, fats, and oils (Batal et al., 

2001).    

There is generally an over-supplementation of Zn and Mn in the poultry industry. The 

Zn can be fed at high concentrations due to high tolerance by many animals (Alkhtib et al., 

2020a). High levels of Zn, Cu, and Mn have been used as a possible coccidiosis mitigation 

strategy in poultry  (Bortoluzzi et al., 2020). Likewise, the lack of mineral requirement 

knowledge in poultry may also result in over supplementing these minerals. The latest National 

Research Council (NRC) Poultry requirement guidelines were released in 1994 (NRC, 1994) 

and may be outdated. The out-of-date information may prompt the producer to increase the 

levels of cheap Zn and Mn oxide to have a safety net to prevent any nutritional deficiency or 

disease challenge. This action may or may not be prudent. The current study used the primary 

breeder recommended Zn and Mn levels, which are about 120 to 80 mg/kg higher than the 

NRC recommended levels for Zn and Mn. The low cost and the lack of clarity of the 
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requirement of minerals requirements may lead producers to oversupply low-cost inorganic 

minerals, thus increasing the excretion to the environment (Bao et al., 2007; Bao and Choct, 

2009; Ao and Pierce, 2013; Bratz et al., 2013; Singh et al., 2014; Singh et al., 2015; Jankowski 

et al., 2019b; Jankowski et al., 2019c; Bortoluzzi et al., 2020; Patra and Lalhriatpuii, 2020). 

However, the study herein has shown that other factors affect Zn's excretion, precisely corn 

particle size. Feeding turkeys a 270 µm (fine particle size) and inorganic sources of Zn 

throughout the feed phases increased the amount of Zn excreted into the litter at 18 wk. Thus, 

this may reflect the importance of mineral bioavailability, amount fed, and the interaction with 

reverse peristalsis in the bird.   

  The environmental impact is not the only reason to consider the potential over-

supplementation of microminerals. Ao and Pierce (2013) offered three reasons for the 

reduction of microminerals in the inorganic forms. The first is to reduce detrimental 

interrelationships between minerals (Suttle, 2010). The antagonistic relationships of minerals 

can reduce absorption, transport, and even excretion of the minerals, creating a mineral 

imbalance (Powell et al., 2010; Joshua et al., 2016). The second reason is to avoid the formation 

of soluble fractions with phytate, thus reducing phytase efficiency (Maenz et al., 1999; 

Ondracek et al., 2002; Banks et al., 2004). The order in which the microminerals ions inhibit 

phytase hydrolysis is Zn2+ > Fe2+ > Mn2+ > Fe3+ > Ca2+ > Mg2+ (Maenz et al., 1999). A third 

reason offered by Ao and Pierce (2013)  is the environmental burden (Blanco-Penedo et al., 

2006). 

The levels of Zn and Mn used in the study herein were taken from the primary 

breeder recommendations, which are 160 mg/kg for both Zn and Mn in the starter to 120 

mg/kg in the finisher.  During the whole trial, the methionine chelated source of minerals was 
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at a constant, replacing 40 mg/kg Zn and Mn from inorganic sources. Thus, the organic 

source treatment had both the inorganic and organic sources through the trial. The 

methionine chelated Zn and Mn portion increased from 25% in the starter to 33.33% in the 

finisher. The increased contribution of the chelated Zn and Mn was associated with increased 

BW and increased breast muscle compared to the birds fed only the inorganic source of Zn 

and Mn. Most studies in turkeys follow the trend of decreasing the commercial, NRC, or 

breeder recommendations. In Europe, Zn's level as an inorganic source is about 144 mg/kg, 

which is 100 mg/kg higher than the recommend NRC level (Jankowski et al., 2019a). Mn is 

also used above its estimated requirement in Europe, with levels around 100 mg/kg to the 

extent that the amount can even cause cellular apoptosis (Jankowski et al., 2019c).  Though 

Zn and Mn levels could possibly be reduced to 10 mg/kg without affecting performance, the 

authors recommended reducing it to 50 mg/kg (Jankowski et al., 2019a; Jankowski et al., 

2019c).  Additional research is needed to compare sources of minerals, including Zn and Mn, 

to reduce feed mineral usage further.  

In conclusion, feeding turkeys and increasing coarse corn particle size in 500 µm 

increments from the starter (1000 µm) to the finisher 2 (3500 µm) decreased bird BW by 250 

g. However, there was no difference in FI, FCR, or carcass yields. There was a 36% 

reduction in the pellet mill's energy usage in Kw*Hr/tonne. Birds fed a combination of 

methionine chelated Zn and Mn with their saline forms had a higher BW and improved 

breast meat yield at market age than the birds only fed the inorganic forms. Feeding an 

increasing level of coarse corn through the feed phases decreased Zn levels in the litter when 

birds were fed high amounts of Zn inorganic sources.  The ratio of chelated Zn and Mn to the 

inorganic sources and reducing the total feed mineral content is advisable for further study.  
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Table 1. Dietary Treatments Ingredient Composition in % 

Ingredients  Starter 1 Starter 2 Grower 1 Grower 2 Finisher 1 Finisher 2 

Total corn1          19.50 26.00 34.80 40.20 42.85 47.55 

Fine corn HM 6/82 8.20 20.05 3.50 NA NA NA 

Coarse corn RM 50/503 11.30 20.00 31.30 40.20 39.00 37.55 

Whole corn4  NA NA NA NA 3.85 10.00 

Wheat 20.00 20.00 20.00 20.00 20.00 20.00 

Soybean meal 38.00 31.65 23.45 18.25 16.25 12.00 

Poultry meal 10.00 10.00 10.00 10.00 10.00 10.00 

Calcium carbonate    1.24 1.17 0.96 0.89 0.83 0.64 

Dicalcium phosphate 2.59 2.26 1.83 1.71 1.37 1.16 

Methionine5 0.42 0.36 0.24 0.24 0.19 0.18 

Lysine6 0.46 0.39 0.32 0.30 0.18 0.16 

Threonine 0.13 0.11 0.06 0.09 0.03 0.04 

Salt 0.15 0.15 0.15 0.15 0.15 0.15 

Mineral premix inorganic7 0.27 0.23 0.23 0.23 0.20 0.20 

Mineral premix organic8 0.20 0.17 0.17 0.17 0.13 0.13 

Choline chloride 0.20 0.20 0.20 0.20 0.20 0.20 

Vitamin mix9 0.20 0.20 0.20 0.20 0.20 0.20 

Selenium mix 0.05 0.05 0.05 0.05 0.05 0.05 

Sodium bicarbonate 0.25 0.25 0.25 0.25 0.25 0.25 

LiquiTrace premix10 0.86 0.86 0.86 0.86 0.86 0.86 

Cu premix11 0.07 0.08 NA NA NA NA 

Poultry fat mixer    1.00 1.00 1.00 1.00 1.00 1.00 

Poultry fat post pellet12 5.51 5.90 6.25 6.25 6.25 6.25 

Ingredient Total:    100 100 100 100 100 100 
1 Total corn in all treatments; this value represents 100% of corn for fine corn treatments. 
2 Corn hammers milled with screens size 6 &8, the average particle size of 270 µm, added 

pre pelleting to only coarse corn treatments at the specified amount.  
3 Corn rollers milled with a gap of 50/50 between rolls, the average particle size of 2,500 µm, 

added post pelleting to only coarse corn treatments the specified amount. 
4 Corn with no milling intervention, the average particle size of 10,000 µm, added pre 

pelleting to only coarse corn treatments at the specified amount. 
5 Donated by Evonik North America, methionine source was altered depending on treatment. 
6 Donated by Ajinomoto North America 
7 The mineral premix provided the following per kg to inorganic mineral source treatments in 

phase order: manganese, 160,140,140, 140, 140, 120 mg; zinc, 160,140,140, 140, 120, 120 

mg; iron, 106.6, 93.4, 93.4, 93.4, 80, 80 mg; copper, 13.3, 11.7, 11.7, 11.7, 10, 10 mg; 

iodine, 3.3, 2.9, 2.9, 2.9, 2.5, 2.5 mg.  
8 The mineral premix provided the following per kg of organic source treatments in phase 

order: manganese, 120, 99.9, 99.9, 99.9, 80.1, 80.1 mg; zinc, 120, 99.9, 99.9, 99.9, 80.1, 

80.1 mg; iron, 80, 66.6, 66.6, 66.6, 53.4, 53.4 mg; copper, 10, 8.3, 8.3, 8.3, 6.7, 6.7 mg; 

iodine, 2.5, 3.33, 3.33, 3.33, 1.7, 1.7 mg. 
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Table 1. Dietary Treatments Ingredient Composition in % (continued) 
 

9 LiquiTrace ZM premix formulated and provided by Global Animal Products, Amarillo, TX, 

then mixed with corn and other inorganic minerals at NC State feed mill and supplied the 

following per kg of diet: organic source treatments in phase order: manganese (all phases), 

39.9 mg; zinc (all phases), 39.9mg; Iron, 26.6, 26.8, 26.8, 26.8, 26.6, 26.6 mg; copper, 10, 

11.67, 3.35, 3.35, 3.33, 3.33 mg; Iodine, 0.83, 0.84, 0.84, 0.84, 0.83, 0.83 mg; 

complementing the mineral premix to meet the Aviagen male turkeys mineral objectives.   
10 Copper Premix to supplement only starter 1&2 of the inorganic mineral source treatments, 

provided the following per kg of starter 1&2 respectively: copper 6.67, and 8.32 mg. 
11 Donated by DSM Nutritional Products; vitamin premix provided the following per kg of 

diet: vitamin A, 26455 IU; vitamin D3, 7936 IU; vitamin E, 132 IU; vitamin B12, 0.08 mg; 

biotin, 0.51 mg; menadione, 8 mg; thiamine, 8 mg; riboflavin, 26.67 mg; pantothenic acid, 

44 mg; vitamin B6, 16 mg; niacin, 220 mg; folic acid, 4 mg.  
12 Poultry fat added post pelleted in the mixer with the post pelleting corn in the coarse corn 

treatments or by itself in fine corn treatments.  
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Table 2. Calculated nutrient contents (%) for all dietary treatment in each feeding phase 

Nutrient Starter 1 Starter 2 Grower 1 Grower 2 Finisher 1 Finisher 2 

Crude protein 29.00 26.37 22.99 20.93 20.00 18.31 

ME (kcal/Kg) 3050.00 3149.00 3275.00 3336.00 3369.00 3427.00 

Crude Fat 9.11 9.60 10.07 10.15 10.20 10.27 

Lysine 1.75 1.54 1.29 1.14 1.00 0.88 

Methionine1,2 0.80 0.71 0.56 0.44 0.48 0.45 

Methionine + Cysteine1,2 1.13 1.01 0.83 0.79 0.72 0.67 

Tryptophan1 0.32 0.28 0.24 0.21 0.20 0.18 

Isoleucine1 1.07 0.96 0.81 0.72 0.68 0.61 

Threonine1 1.01 0.90 0.74 0.70 0.62 0.57 

Arginine1 1.89 1.57 1.34 1.10 1.13 1.01 

Valine1 1.31 1.05 0.91 0.82 0.79 0.71 

Calcium 1.49 1.38 1.20 1.14 1.04 0.92 

Available Phosphorus 0.76 0.69 0.60 0.57 0.51 0.46 

Sodium 0.19 0.19 0.19 0.19 0.18 0.18 

Chloride 0.27 0.26 0.26 0.25 0.24 0.24 
1 Calculated as digestible amino acids. 
2 Supplemental methionine reduced in organic mineral diets by amounts supplied by the 

methionine chelates to be equal in all treatments.  
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Table 3. Nutrient analyses (%) of experimental diets fed to turkeys1 

Nutrient 

Starter 1 Starter2 

CC 

ORG2 

CC 

INO3 

FC 

ORG4 

FC 

INO5 

CC 

ORG2 

CC 

INO3 

FC 

ORG4 

FC 

INO5 

Moisture 12.17 12.90 11.99 12.71 11.40 11.97 12.09 12.27 

Fat 9.02 8.60 9.22 8.39 8.99 7.96 8.92 8.72 

Protein 28.02 28.68 29.32 28.62 27.86 26.51 27.95 26.88 

Ash 6.77 6.57 6.61 6.59 5.74 5.80 6.29 6.16 

Phosphorus6 1.08 1.04 1.07 1.01 1.02 0.85 1.12 0.99 

Calcium 1.55 1.48 0.64 1.41 1.56 1.21 1.67 1.49 

Sodium 0.18 0.17 0.18 0.16 0.19 0.15 0.19 0.17 

 Grower 1 Grower 2 

 

CC 

ORG2 

CC 

INO3 

FC 

ORG4 

FC 

INO5 

CC 

ORG2 

CC 

INO3 

FC 

ORG4 

FC 

INO5 

Moisture 11.04 11.39 11.49 12.56 11.52 11.81 12.32 12.7 

Fat 9.86 9.21 10.32 9.08 9.92 10.78 10.49 9.83 

Protein 22.6 23.39 23.66 23.91 21.61 19.97 21.86 21.66 

Ash 5.13 5.24 5.46 5.31 5.22 4.91 5.41 5.17 

Phosphorus6 0.85 0.85 0.96 0.88 0.71 0.70 0.77 0.73 

Calcium 1.26 1.20 1.52 1.28 0.99 1.06 1.07 1.04 

Sodium 0.18 0.16 0.22 0.18 0.16 0.17 0.19 0.17 

 Finisher 1 Finisher 2 

 

CC 

ORG2 

CC 

INO3 

FC 

ORG4 

FC 

INO5 

CC 

ORG2 

CC 

INO3 

FC 

ORG4 

FC 

INO5 

Moisture 11.77 11.19 11.94 12.53 11.42 11 12.28 12.00 

Fat 11.81 10.10 10.11 9.91 11.04 11.42 12.40 11.09 

Protein 20.99 20.67 22.00 21.06 19.65 19.16 19.05 19.34 

Ash 4.82 4.61 4.85 4.89 4.78 4.21 4.34 4.34 

Phosphorus6 0.63 0.70 0.77 0.70 0.66 0.66 0.63 0.69 

Calcium 0.87 0.96 1.10 1.02 0.95 1.04 0.86 0.89 

Sodium 0.17 0.17 0.18 0.21 0.17 0.20 0.15 0.19 
1 Feed analysis was performed by Carolina Analytical Services (17570 NC Highway 902, 

Bear Creek, NC 27207). 
2 Coarse Corn with an organic source of Zn and feed treatment.  
3 Coarse Corn with an inorganic source of minerals feeds treatment. 
4 Fine Corn with an organic source of Zn and Mn feed treatment.  
3 Fine Corn with an inorganic source of minerals feeds treatment. 
5 Available phosphorus in diet treatments. 
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Table 4. Effect of treatments on production and energy estimates with each phase as a block 

Corn 

particle 

size 

Mineral 

source 

Motor load (kw) 

 Estimated 

production 

(tonnes/hr) 

Estimated energy 

consumption 

(KW*Hr/tonnes) 

Coarse1  47.03b 4.64a 7.54b 

Fine2  64.13a 4.08b 11.71a 

SEM3  4.05 0.18 0.46 

P-value  0.002 0.04 <0.0001 
 Inorganic4 55.04 4.36 9.49 
 Organic5 56.14 4.36 9.76 
 SEM3 4.05 0.18 0.46 

  P-value 0.77 0.98 0.58 
1 Coarse corn treatments increased the corn's average corn particle size in 500 µm every period 

from 1000 µm at 5 wk to 3500 µm at 18 wk. 
2 Fine corn treatments were formulated in each feed phase with corn with an average particle 

size of 270 µm. 
3 The standard error of the mean (SEM) n=24 pens per the main effect with 25 birds per pen 

at placement. 
4 Inorganic mineral source treatments got 100% of their mineral from not chelated minerals. 
5 Organic sources of minerals had supplied part of the Zn and Mn as chelated molecules with 

methionine; the other part and other minerals were delivered with an inorganic source. 
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Table 5. PDI1 for feed treatments using the Holmen method for 30 and 60 seconds (%) 

Treatment Grower 1 Grower 2 Finisher 1 Finisher 2 

 ———————————— (30 s) ———————————— 

Fine Inorganic1 89.4 90.7 87.9 87.1 

Coarse Inorganic2 83.4 79.5 75.6 84.6 

Fine Organic3 82.0 85.8 81.2 89.9 

Coarse Organic4 81.9 73.0 67.1 81.3 

 ———————————— (60 s) ———————————— 

Fine Inorganic1 77.1 83.3 74.8 73.7 

Coarse Inorganic2 66.4 56.6 47.6 66.8 

Fine Organic3 62.9 83.0 60.4 80.5 

Coarse Organic4 62.3 52.8 33.0 56.9 
1 Pellet durability index. 
2 Fine Corn with an inorganic source of minerals feeds treatment. 
3 Coarse Corn with an inorganic source of minerals feeds treatment. 

4 Fine Corn with an organic source of Zn and Mn feed treatment. 

5Coarse Corn with an organic source of Zn and feed treatment.  
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Table 6. Effect of corn particle size on male turkey performance in kg/bird 

Corn particle size 
Turkey age in weeks 

0 5 8 11 14 18 
 ————————— (Bodyweight) ————————— 

Coarse1 0.057 1.75 4.42 8.37b  13.18b 20.38b 

Fine2 0.059 1.73 4.43 8.56a 13.37a 20.63a 

SEM3 0.002 0.03 0.03 0.06 0.06 0.086 

P-value 0.650 0.50 0.93 0.01 0.02 0.04 
 ———————— (Bodyweight Gain) ———————— 

Coarse1 NA4 1.69 2.68 3.94b 4.81 7.20 

Fine2 NA4 1.67 2.70 4.14a 4.81 7.26 

SEM3 NA4 0.03 0.03 0.06 0.05 0.06 

P-value NA4 0.52 0.56 <0.001 0.94 0.40 
 ————————— (Feed Intake) —————————— 

Coarse1 NA4 2.38 6.92 14.48b 25.50 43.22 

Fine2 NA4 2.42 6.98 14.79a 25.66 43.24 

SEM3 NA4 0.02 0.06 0.19 0.19 0.28 

P-value NA4 0.22 0.31 0.05 0.44 0.97 
 ——————— (Feed Conversion Ratio) ——————— 

Coarse1 NA4 1.354 1.639 1.796 1.970 2.162 

Fine2 NA4 1.366 1.652 1.776 1.962 2.158 

SEM3 NA4 0.009 0.018 0.012 0.015 0.017 

P-value NA4 0.098 0.298 0.220 0.562 0.849 
a,b Means within a column lacking a common superscript differ (P ≤ 0.05). 
1 Coarse corn treatments increased the corn's average corn particle size in 500 µm every period 

from 1000 µm at 5 wk to 3500 µm at 18 wk. 
2 Fine corn treatments were formulated in each feed phase with corn with an average particle 

size of 270 µm. 
3 The standard error of the mean (SEM) n=24 pens per the main effect with 25 birds per pen 

at placement. 
4 Non-Applicable. 
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Table 7. Effect of mineral source on male turkey performance in kg/bird 

Mineral source 

Turkey age in weeks 

0 5 8 11 14 18 

 ——————————— (Bodyweight) ——————————— 

Inorganic1 0.057 1.74 4.43 8.42 13.23 20.38b 

Organic2 0.057 1.74 4.42 8.51 13.32 20.63a 

SEM3 0.002 0.02 0.03 0.06 0.06 0.086 

P-value 0.690 0.96 0.90 0.21 0.25 0.05 

 —————————— (Bodyweight Gain) —————————— 

Inorganic1 NA4 1.68 2.69 3.99b 4.81 7.16 

Organic2 NA4 1.68 2.69 4.09a 4.82 7.31 

SEM3 NA4 0.03 0.03 0.06 0.05 0.06 

P-value NA4 0.96 0.93 0.04 0.92 0.07 

 ———————————— (Feed Intake) —————————— 

Inorganic1 NA4 2.43a 7.01 14.68 25.67 43.29 

Organic2 NA4 2.37b 6.89 14.59 25.48 43.17 

SEM3 NA4 0.02 0.06 0.19 0.19 0.28 

P-value NA4 0.017 0.07 0.54 0.37 0.74 

 —————————— (Feed Conversion Ratio)  ———————— 

Inorganic1 NA4 1.372a 1.656 1.799 1.980a 2.170 

Organic2 NA4 1.347b 1.635 1.773 1.951b 2.149 

SEM3 NA4 0.009 0.018 0.012 0.015 0.017 

P-value NA4 0.001 0.099 0.116 0.049 0.380 
a,b Means within a column lacking a common superscript differ (P ≤ 0.05). 
1 Inorganic mineral source treatments got 100% of their mineral from not chelated minerals. 
2 Organic sources of minerals had supplied part of the Zn and Mn as chelated molecules with 

methionine; the other part and other minerals were delivered with an inorganic source. 
3 The standard error of the mean (SEM) n=24 pens per the main effect with 25 birds per pen 

at placement. 
4 Non-Applicable. 
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Table 8. Turkey processing cuts yields as a percentage of cold carcass weight  

Corn 

particle 

size 

Mineral 

source 
HCY1 CCY2  

MAJ 

B3 

MIN 

B4 

TOT 

B5 Wing TG6 Leg FR7 Ab 

fat8 Gizzard 

Coarse7  82.67 84.63 25.67 5.94 31.57 0.99b 1.62 1.14 2.95 0.86 1.01a 

Fine8  82.50 84.46 25.46 5.81 31.20 1.02a 1.60 1.15 2.96 0.86 0.81b 

SEM9  0.19 0.23 0.21 0.08 0.17 0.12 0.19 0.10 0.20 0.05 0.03 

P-value  0.47 0.61 0.38 0.11 0.12 0.05 0.38 0.58 0.55 0.98 <0.0001 
 Inorganic10 82.50 84.54 25.37 5.70b 31.05b 1.00 1.61 1.15 2.99a 0.87 9.18 
 Organic11 82.67 84.54 25.75 5.98a 31.73a 1.00 1.61 1.14 2.91b 0.85 8.95 
 SEM9 0.19 0.23 0.21 0.08 0.17 0.12 0.19 0.10 0.20 0.05 0.03 
 P-value 0.47 1.00 0.12 0.01 0.01 0.78 1.00 0.58 0.02 0.75 0.36 

a,b Means within a column lacking a common superscript differ (P ≤ 0.05). 
1 Hot Carcass yield. 
2 Cold Carcass yield. 
3 Major Breast with no skin. 
4  Minor Breast. 
5 Thighs 
6 Frame includes breast skin. 
7 Coarse corn treatments increased the corn's average corn particle size in 500 µm every period from 1000 µm at 5 wk to 3500 µm at 18 

wk. 
8 Fine corn treatments were formulated in each feed phase with corn with an average particle size of 270 µm. 
9 The standard error of the mean (SEM) n=24 pens per the main effect with 25 birds per pen at placement. 
10 Organic sources of minerals had supplied part of the Zn and Mn as chelated molecules with methionine; the other part and other 

minerals were delivered with an inorganic source. 
11 The standard error of the mean (SEM) n=24 pens per the main effect with 25 birds per pen at placement. 
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Table 9. Treatment effect on bone strength, bone ash, and bone Zn and Mn content 

Corn 

particle size 

Mineral 

source 

Failure to 

Break (kg)1 

Bone ash 

(%) 

Bone Ca 

(mg/L) 

Bone Zn 

(mg/L) 

Bone Mn 

(mg/L) 

Coarse2  88.72 49.83 2124 1.33 0.057 

Fine3  84.75 50.33 2079 1.29 0.060 

SEM4  2.87 0.35 44 0.02 0.002 

P-value  0.33 0.87 0.31 0.23 0.279 
 Inorganic5 87.75 50.04 2105 1.33 0.057 
 Organic6 85.72 49.71 2098 1.30 0.062 
 SEM4 2.88 0.35 44 0.02 0.002 

  P-value 0.62 0.50 0.86 0.43 0.156 
1 Bones Strength was measured with a TA-HD plus texture analyzer (Texture Technologies 

Co, South Hamilton, MA) with a size load cell of 250 kg. 
2 Coarse corn treatments increased the corn's average corn particle size in 500 µm every period 

from 1000 µm at 5 wk to 3500 µm at 18 wk. 
3 Fine corn treatments were formulated in each feed phase with corn with an average particle 

size of 270 µm. 
4 The standard error of the mean (SEM) n=24 pens per the main effect with 25 birds per pen 

at placement. 
5 Inorganic mineral source treatments got 100% of their mineral from not chelated minerals. 
6 Organic sources of minerals had supplied part of the Zn and Mn as chelated molecules with 

methionine; the other part and other minerals were delivered with an inorganic source. 
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Table 10. Treatment effect on litter content of Zn and Mn at 18 wk of age in mg/kg1  

Corn particle size Mineral source Manganese Zinc 

Coarse2  566 1057b 

Fine3  565 1171a 

SEM4  11 26 

P-value  0.98 0.004 
 Inorganic5 569 1157a 
 Organic6 561 1071b 
 SEM4 11 26 

  P-value 0.62 0.03 

Coarse Inorganic 560 1031b 

Fine Inorganic 579 1281a 

Coarse Organic 571 1082b 

Fine Organic 551 1061b 

SEM7 16 37 

P-value 0.22 0.001 
1 Analysis done by the Environmental Analysis Laboratory, Department of Biological and 

Agricultural Engineering, NC State University, Raleigh, NC 27695-7625 
2 Coarse corn treatments increased the corn's average corn particle size in 500 µm every period 

from 1000 µm at 5 wk to 3500 µm at 18 wk. 
3 Fine corn treatments were formulated in each feed phase with corn with an average particle 

size of 270 µm. 
4 The standard error of the mean (SEM) n=24 pens per the main effect with 25 birds per pen 

at placement. 
5 Inorganic mineral source treatments got 100% of their mineral from not chelated minerals. 
6 Organic sources of minerals had supplied part of the Zn and Mn as chelated molecules with 

methionine; the other part and other minerals were delivered with an inorganic source. 
7 The standard error of the mean (SEM) n=12 pens per first-order interaction with 25 birds 

per pen at placement. 
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Machine learning and data mining methodology to predict nominal and numeric 

performance values using Large White male turkey data sets. 

 

ABSTRACT 

Large biological data sets with many variables and a small number of biological 

replicates (“omics” sciences and industry data) are challenging to analyze with traditional 

inferential statistics. Statistical models can be applied to data containing more observations 

than variables, and they are strongly suited for this purpose. However, the power to detect 

actual differences is significantly reduced when the number of comparisons exceeds the 

number of experimental replicates (i.e., the “curse of dimensionality”). Machine learning 

(ML) allows researchers to include treatments plus multiple categories of variables with few 

observations. Thus, it has become a tool used in different fields to predict phenomena and 

evaluate relationships within datasets. Data mining (DM) helps the researcher identify the 

most critical variables in an ML predictive model and can be used akin to “statistical 

significance”. The objective of this current effort was to develop ML and DM methodologies 

while applying them to predict Large White male turkey body weight (BW). Twelve hundred 

Nicolas Select male poults were randomly assigned to 48-floor pens. The experimental 

design was a randomized block design with a 2×2 factorial arrangement of 2 sources of 

minerals (organic vs. inorganic) and two levels of corn particle size (coarse corn vs. fine 

corn). Bird BW, weekly BW gain (BWG), feed intake (FI), feed conversion ratio (FCR), 

small intestine pH, cloacal temperature, density, microbiome taxa, litter content of Mn and 

Zn, and others were used as variables for the nominal and numeric ML analysis. A total of 

253 variables were used in ML and DM analysis. BW and FI at 18 wk were classified as low, 
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objective, and high based on a 5% for BW and 3% for FI margin of the Aviagen male turkey 

objectives for ML analysis. The WEKA 3.8.5 Experimenter tool used various Classification 

and regression algorithms with a 10-fold cross-validation system to predict 18 wk BW. The 

M5' algorithm made the most practical model, from 3 models constructed, with a correlation 

of 0.73 and a root square error of 0.26 based only on turkey 14 wk BW. The mineral source, 

residual litter Mn at 18 wk content, and the addition of 5 observed uncultured genera of 

family Oscillospiraceae and one Subdoligranulum spp. (Gemminger spp.), were important 

data mined variables and should be studied further. In conclusion, these ML and DM tools 

could be applied to turkey research and production systems by analyzing large data sets. 

 

INTRODUCTION 

The whole of human society is currently producing vast amounts of different types of 

data. To illustrate this influx of data, 2.5 quintillion bytes of data were generated in one day 

in 2017 (DOMO, 2017). As examples of rapid data generation, 69,444 LinkedIn users 

applied for jobs every minute of the day in 2020 (DOMO, 2020). New tools are required for 

analysis of these big datasets if they are to be of any use, and this has led to the application of 

machine learning (ML). Machine learning, a component of artificial intelligence, is at the 

forefront of the analysis of the high volume, velocity, variety, variability, and veracity of data 

produced every day (SAS, 2021).  The field of agriculture is not far behind this trend, as it 

produces sizeable biological datasets as the “omics” (e.g., proteomics, genomics, 

metagenomics, and metabolomics), microbiome taxonomy, drug, farm records, performance, 

supply chain, and farm sensors datasets among many others. 
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 Liu et al. (2020) defined ML methods as the practice to generate predictive models 

based on learning feature patterns from data to predict new data or outcomes through the 

constructed model. The use of ML is present in smartphones, web queries, drug discovery 

efforts, consumer preference recognition, and even reconstruction of brain circuits (LeCun et 

al., 2015). To make a reliable prediction, the quality and variety of data must be included in 

ML (Liu et al., 2020). These requirements can be achieved with large biological datasets. 

However, caution has to be considered part of the process. The user should be able to identify 

the biological and practical values of the models. Thus, interpretability becomes paramount 

in ML methodologies (Haddouchi and Berrado, 2018). Another concern is the accessibility 

and learning curve of ML algorithms to the poultry scientist. In other words, is there an 

accessible methodology and software that can use ML algorithms?  

Machine learning has been used in the clinical realm to analyze biological datasets to 

cancer and HIV/AIDS research as well as drug discoveries (Al Mazari, 2018; Haddouchi and 

Berrado, 2018; Akay and Hess, 2019; Liu et al., 2020). In addition, ML has been used in the 

agriculture realm to integrate farms, depending on the record-keeping, consolidating 

Brazilian cattle farm datasets (Aiken et al., 2019).  Microbiome datasets have been used as 

predictors for swine growth and carcass traits (Maltecca et al., 2019). In poultry, ML has 

been used to create poultry management and action plans based on environmental factors for 

the farm managers (Ribeiro et al., 2019). Listeria spp. prevalence is being predicted with ML 

algorithms in free-range farms (Golden et al., 2019). Detection of pathogens in processing 

lines could be accomplished with ML by mapping carcass microbiome data (Feye et al., 

2020).   
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With all the information, cautions, and ML uses in poultry and other sciences, several 

objectives have been identified. First, specific methodology in available software that can be 

applied to large datasets must be developed while predicting both nominal and numeric 

performance features. Completing this objective could serve as the foundation to create 

practical and applicable models to predict performance, especially important for the poultry 

industry. Second, a specific methodology to data-mine critical patterns in a dataset, otherwise 

called feature selection, must be developed. Achieving this objective could serve as the 

foundation to extract variables important for future research that can improve the predicting 

model, especially important for research and academia. Third, the most practical model to 

predict the target bodyweight of Large White male turkeys and mine the vital attributes for 

the data set must be determined. Accomplishing this objective could allow the continuation 

of the work described herein with ML research and provide an example of the use of ML to 

predict performance variables with large data sets.   

 

MATERIALS AND METHODS 

Data sources and experimental design. The performance, bone strength, bone 

content of Zn and Mn, litter content of Zn and Mn, and treatment variables were taken for 

ML analysis using data from previous work (Flores et al., 2021a). The experimental design in 

that work was a completely randomized block design with a 2 × 2 factorial arrangement of 2 

levels of corn particle size and two mineral sources in the feed. The birds were fed diets that 

increased particle size with each feed phase. The two corn particle size factors tested 

consisted of either a control feed with an average particle size of 270 µm for the entire mix or 

a mix of 270 µm particle size basal with 2500 µm ground or whole corn to achieve the feed 
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phase's desired particle size. The two mineral source factors used for the experimental diets 

were a blended organic trace mineral source, LuiquiTrace ZM® (Global Animal Products, 

Amarillo, TX), and a blended inorganic trace mineral source (NC State University trace 

mineral premix). All feed treatment mineral content was formulated according to the 

Aviagen male turkey nutritional recommendations (Aviagen Turkeys, Lewisburg, WV). 

Microbiome, gut pH, and cloaca temperature dataset origin.  These variables 

were taken from the same experiment (Flores et al., 2021a). At five weeks of age, three 

random birds per pen were sampled for cloacal temperature and cecal contents for 

microbiome analysis. For each of these sampled birds, BW was measured on a digital scale 

(A&D Company, AND HW-10KGL, San Jose, CA), and the cloacal temperature was 

recorded using the Walgreens 10 Second Flex-Tip Digital Thermometer (Walgreens CO., 

Deerfield, IL). Each bird was then euthanized, and one of the ceca was dissected and place 

immediately in a sterile bag on dry ice (-80 °C) and then transported and stored, when 

sampling was done, in a -80 °C freezer until they were sent for DNA isolation and 

sequencing (Department of Food Science, Center for Food Safety, University of Arkansas, 

Fayetteville AR). The Qiime2 software (Bolyen et al., 2019) and the pre-trained classifier 

(Bokulich et al., 2018) were used for the taxonomy classification with the database Silva 138 

(16S/18S rRNA) (Quast et al., 2012). The taxonomy dataset yield by this process was 

subsequently used for the ML methodology. The taxonomy dataset was comprised of 

microorganisms organized by a pen of birds with a mean number of organisms detected in 

that pen.                                                                      

One random turkey per pen was used for intestinal tract pH measurements (Oakton pH Spear 

waterproof Pocket pH TesterTM, OAKTON Instruments, Vernon Hills, IL USA 60061). 
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Calibration of the equipment was done once per block during the measurement period. An 

incision and measurements were made at the duodenal loop, the jejunum (2 inches proximal 

to the Meckel's diverticulum), the ileum (2 inches Distal to the Meckel's diverticulum), and at 

the cecum. Readings were conducted as soon as each bird was euthanized. 

           Microbiome Biostatistical Analysis. The microbiome data set was analyzed for an 

alpha, beta, and the Analysis of Composition of Microbiome (ANCOM) with the Qiime2 

software (Mandal et al., 2015). Alpha diversity is the variation of the organism in a single 

sample. With alpha diversity, one can answer how many microbes are present (species 

richness) or how microbes are balanced with each other (species diversity). The Evenness, 

Shannon, and observed features vector indices were used to measure and analyze alpha 

diversity (Thukral, 2017). Beta diversity is the variation of the microbial populations between 

samples. For beta diversity, the weighted and unweighted UniFrac distance was used to 

analyze significance between samples (Lozupone et al., 2011). All analyses were done 

through Qiime 2, with a sampling depth of 1000 sequencing bases. The Alpha diversity 

analysis was done by default in Qiime2 using the Kruskal–Wallis one-way analysis of 

variance. The Beta diversity analysis was done by default in Qiime2 by using the 

Permutational Multivariate Analysis of Variance (PERMANOVA) 

Microbiome and Performance Machine Learning Analysis. The Waikato 

Environment for Knowledge Analysis (WEKA) version 3.8.4 (Witten et al., 2016a; Witten et 

al., 2016b; Bokulich et al., 2018) was used for two purposes. The first was to predict 18 wk 

body weight (BW) by using performance, gut pH, cloacal temperature, treatments, and 

microbiome data. The second reason to use WEKA was to data-mine for the most important 

variables of the dataset used to predict BW. The variables (attributes) described above were 
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used to predict two types of mean BW data arrangements. The mean BW, by pen, was 

analyzed either as a nominal value (classification into bins) or as continuous values.  

The classification was done using the 2015 Aviagen turkey performance objectives 

(ATPO) at 18 wk of age. The classification was done with the ATPO to provide a baseline 

for future studies. This document was used as the main reference for the BW data 

arrangement. Mean 18 wk BW, measured by pen with a digital scale (A&D Company, AND 

HV-200KGL, San Jose, CA), were submitted to the next classification bins:  low body 

weight (BW<95% ATPO), objective BW (95% ATPO> BW<105% ATPO), and high BW 

(BW>105% ATPO). The values used in this study were: Low BW (BW < 19.82 kg× 0.95), 

Objective BW = (19.82 kg × 0.95 > BW < 19.82 kg ×1.05), and High BW =(BW>19.82 kg × 

1.05). When this classification was applied to the dataset used herein, BW was only 

categorized into the objective or high BW. No low BW was registered. No changes or 

modifications were made to the 18 wk BW mean values when analyzed for regression as 

continuous values. Various attributes were used to predict BW as a nominal or numeric value 

with ML.  

 The five wk of age microbiome dataset was first extracted from the Qiime2 

taxonomic files. The data set containing all the microorganism information as taxonomic 

classification was then merged with the performance and mortality values at 5, 8, 11, and 14 

wk of age. The 5-week cloaca temperature, small intestine pH, treatment values (mineral 

source and corn particle size) were added to the dataset. The final addition to the dataset were 

18 wk Zn and Mn litter residues, bone strength, and bone Zn and Mn. 

Once the data were organized and curated, they contained 45 instances (pens) and 

was organized into five different datasets. The first was using just microbiome data (215 
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attributes or variables) to predict BW. The second (234 attributes), third (240), fourth (246 

attributes), and fifth (253 attributes) were datasets that added the performance values at 5, 8, 

11, and 14 wk of age.  

There are many algorithms to choose from in the WEKA environment to predict and 

data-mine for BW in turkeys. However, before testing each algorithm, one must ensure that it 

is the fittest version for the datasets provided. The objective of fitting the model is to reduce 

variation, increase prediction capabilities, and, most notably, data-mine the most critical data 

set attributes. Thus, the models were made fit by reducing the variation noise of attributes 

that were unnecessary by reducing data dimensionality.  

Fitting the model was possible by selecting the attributes that contributed most to the 

model with WEKA attribute selected classifier meta-algorithm. This algorithm is meta 

because it contains or hosts two or more algorithms. In this case, the main algorithm for 

prediction (e.g., J48) was combined with an attribute selection evaluator and search method. 

The evaluator used for the attribute selection task was the "CfsSubsetEval," which ranks the 

attributes depending on their predicting value a redundancy. Fitting the model then starts by 

eliminating a specific number of selected attributes by "CfsSubsetEval" as not predictive or 

reductant. The search method used to find such reductant attributes was the "best first" 

approach. This technique searches the subset attribute space in a forward (starting from the 

first attribute), backward (starting from the last attribute), or bidirectional (searching in both 

directions by adding or deleting data points). In the study herein, the "best first" search was 

bidirectional and ended after the 10th attempt to find the attributes. Applying all the above 

techniques to multiple classifications or regression algorithms created an assortment of 
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capable algorithms from which to contrast. These arrays of algorithms were later statistically 

separated by the Explorer tool. 

 The algorithms assessed were different depending on the type of prediction. For BW 

prediction based on classification, some of the algorithms used were: J48 (C4.5), Random 

Forest, Naive Bayes, Sequential Minimal Optimization of support vector machines (SMO), 

and multilayered perceptron artificial neural networks (MLP). A total of 59 different 

algorithms or algorithm setups were used in this comparison. For the prediction of BW based 

on continuous data, some of the algorithms used were linear regression, neural networks, K-

nearest neighbor (IBK), Random Forest, and M5'. A total of 41 different regression 

algorithms or algorithm options were used in this contrast.  

The Experimenter tool of WEKA was used to test all the algorithms in all 5 data sets 

using the meta, classification or regression, attribute selection, and search algorithm 

described above. The Experimenter tool runs the meta-algorithm in every data set 10 times 

with a 10-fold cross-validation training. This allows the Experimenter to produce a mean 

value, standard deviation, and error values to statistically compare the performance of 

algorithms. The algorithms and dataset with the statistically highest correlation (correctly 

classified) and lowest square root mean error from the baseline algorithm (Zero Rules; 

ZeroR) were used for subsequent testing. The ZeroR rule was used as a baseline because it 

tries to predict the mode for nominal classes and a mean for numeric data sets. The 

Experimenter tool was set up and used once for the classification model and another for the 

regression model since both types of datasets require different algorithms. This setup yielded 

the classification and regression models for prediction. However, a ranking of the attributes 

is necessary to identify the significant attributes of the chosen model.  
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A ranking of the attributes specific to the decided regression and classification 

contrast was then performed in the WEKA Experimenter tool. The attribute selected 

classifier meta-algorithm was again employed. The selected algorithms from the above-

explained contrast were paired with the ranking search method and the 

"GainRatioAttributeEval" for classification and the "CorrelationAttributeEval" for regression 

attribute evaluator. The attribute evaluators and the ranking search method allow the user to 

create an order of value of each attribute for the models. In work described herein, every ten 

attributes were eliminated, and then the model was rerun ten times until there were only 13 

attributes left. From that point on, an attribute was eliminated until only one attribute was left 

to create the model. The elimination process (fitting the model) was done to create a fitting 

curve and chose the highest correctly classified model with the lowest attributes. Fitting the 

curve allowed for the visualization of the reduction of noise and increase the prediction value 

every time attributes were eliminated in ranking order.    

A verification process of ML is the negative control analysis. This analysis was 

implemented to determine if the fitted ML model was a random event. The negative control 

analysis uses the same attributes and algorithm as the fitted model. The difference relies on 

the dataset provided to the machine. Randomization or shuffling of the classification or 

continuous values, BW in the study herein, was done from the original dataset. The 

randomization allows testing if the machine would learn with the same attributes even if the 

BW value does not match and correlate to those attributes. This procedure was done in the 

WEKA Experimenter tool with ten randomized data sets and cross-validation of 10-folds. 

The predictive power of ML should be close to the random chance of the number of 

classifiers based on the Law of Probability. For example, for the 3 BW classes (low, 
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objective, high), the random chance to select the correct one is 33%. A low correlation 

coefficient and high error are expected when running the negative control on a continuous 

dataset.  

Microbiome and Performance Data mining Analysis. The WEKA Explorer tool 

allowed for the extraction of the model file and representation after the model had been 

successfully fitted and passed the negative control. This was accomplished by loading the 

correct dataset and the setup as the one used in the WEKA Experimenter tool. For the work 

herein, data mining was based on attributes that were tagged as critical by the 

"CfsSubsetEval," attribute evaluator with a bidirectional "best first" search that ended after 

the 10th attempt to find the attributes. The attribute evaluator's common attributes for all three 

models were then extracted as patterns in the dataset. A literature review of the selected 

attributes was conducted to answer why these attributes contributed information to the 

models to predict BW.   

Qiime2 was used to collect information about the microorganism taxonomy attributes. 

The data mined microorganism taxa were filtered against the respective sequences through 

the taxonomy-based feature sequences filter command. The filtered file was tabulated by 

using the tabulating sequences command in Qiime2. This file was then opened in the online 

Qiime2 viewer tool. This tabulated file has at least one or more nucleotide sequences. If the 

file contained more than one sequence, it was inferred that the data mined taxonomic label 

and feature counts corresponded to more than one organism. For every sequence, there is one 

organism involved. Each sequence has a hyperlink that links it to the National Center for 

Biotechnology Information (NCBI) Basic Local Alignment Search Tool (BLAST) 

nucleotide database. The organism selection was based on a percentage of nucleotide match 
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to the NCBI database, linkage to a production animal, and the accession identification 

matching the SILVA database. The microbial taxonomic data set used for the work herein 

was accomplished with the SILVA database.   

Machine Learning and Data mining Analysis Summary. In summary, for the work 

herein, two general questions were asked: 1) to predict BW, where data mining was done as a 

classification; and 2) to predict BW, where data mining was done as a regression. Each of 

those questions was answered by testing five data sets and various algorithms. Then all the 

available and curated data were added in a file, where the question at hand (turkey BW) was 

the last column. Five different data sets were created, each with more information than the 

previous one. The base data set only contained the microbiome data collected at 5 wk, the 

following four data sets contained those variables plus 5, 8, 11, or 14 wk performance. 

Experiments were set up in WEKA software to choose the best models for the data sets. Then 

the model underwent an attribute elimination process (fitting of the model) to reduce noise in 

the model and select the attribute with the best value for the model. A negative control 

experiment was conducted, where the model was subject to datasets with BW values 

randomized to check for real learning of the machine. Finally, all the WEKA Experimenter 

setup was transposed to the WEKA Explorer tool to identify, data mine, and save the models. 

The data mined attributes were selected from the critical attributes for both the classification 

and regression models. All the above setup in ML had the objective to answer two questions: 

1) Can one predict and data-mine for BW as continuous value? 2) Can one predict and data-

mine for BW when classified into bins? 

Gut pH and Cloaca Temperature Statistical analysis. The experiment had a 

completely randomized block design. The gut and cloaca temperature were analyzed using 
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the PROC MIXED procedure from SAS 9.4. (SAS Institute, Cary, NC). The block was 

considered a random variable in all analyses. Significant differences in main effects were 

separated using the Tukey HSD test. A value of P ≤ 0.05 was used to set a significant 

difference between the main and interaction effects of the parameters analyzed. 

Statistical analysis to compare algorithms and negative control. WEKA 

Experimenter tool runs each algorithm or negative control in each data set 10 times with 10-

fold cross-validation. This creates means and error figures for each algorithm tested in the 

Experimenter. WEKA then uses a corrected paired T-test to statistically compare and analyze 

one baseline algorithm (ZeroR), negative control, or other algorithms with the rest of the 

algorithms. This allows the user to ask the following questions: Is the performance of 

algorithms tested statistically higher than a baseline algorithm? Is the algorithm tested to 

have higher performance than a randomized data set (negative control)? Is the algorithm of 

interest statistically different than other algorithms of interest? Each question must be set up 

in the Experimenter by the user.  

 

RESULTS 

Microbiome, gut pH, and cloaca temperature. No statistical differences were found 

in pH of the small intestine or cloacal temperature at 5 wk of age when comparing 

populations of birds fed different mineral sources or corn particle size treatments.  

Microbiome Biostatistical Analysis. No statistical differences were found in alpha 

diversity, beta diversity, or ANCOM analysis when comparing populations of birds fed 

different mineral sources or corn particle size treatments. 
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Microbiome and Performance Machine Learning Analysis. The results are 

separated by the models for classification and regression of BW. In each section, the models 

with the best prediction and lowest error of those tested are presented.   

The data set that had the highest prediction value and lowest error for classification 

was the dataset that included the microbiome and data from turkeys that were 14 wk of age. 

This dataset was run with the J48 algorithm (C4.5 decision tree algorithm) and yielded the 

highest mean prediction value and lowest error. The only change to the default setup of the 

WEKA algorithm was an increase of the minimum of instances per leaf to five (default of 

two). This algorithm yielded a model with a mean correctly classified BW categories of 

88.90% with a Root Mean Square Error (RMSE) of 0.26 (Figures 1&2). These values are 

statistically higher (P ≤ 0.05) than the negative control dataset that yielded a mean correctly 

classified BW of 69.68% or a correlation of 0.697 and an RMSE of 0.47 (Figure 3). This is 

also true compared with a baseline algorithm ZeroR, which yielded a correctly classified BW 

of 75.50 % (correlation of 0.755) and an RMSE of 0.44. The decision tree for the 

classification model is solved as follows (Figure 1). For the turkeys with a mean BW at 14 

wk that is lower or equal to 13.54238 kg, the birds would be classified as Objective BW; and 

birds with a higher BW than 13.54238 kg would be classified as High BW at 18 wk. It must 

be noted that a low BW classification is not present in this model for lack of adequate 

representation of this classification in the whole dataset. 

There are two regression models to predict for male turkey BW at 18 wk. Both 

models are not statistically different in correlation or RMSE. However, just the first is valid 

for practical prediction. The first model was generated using performance data from 14 wk, 
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and the second one with performance data from 11 wk. Both models were generated with the 

M5' model tree algorithm with a minimum of instances per leaf of 15 (default of four).  

The first model using microbiome data plus 14 wk performance had a mean 

correlation of 0.73 and an RMSE of 0.26 (Figures 4&5). These values are statistically higher 

(P ≤ 0.05) than the negative control regression model; it yielded a mean correlation of 0.02 

and an RMSE of 112. This is also true compared to the baseline ZeroR algorithm, which 

yielded a mean correlation of 0.00 and an RMSE of 0.44 (Figure 6). The regression was 

solved as follows. 

𝑅𝑒𝑔𝑟𝑒𝑠𝑖𝑜𝑛 𝑀𝑜𝑑𝑒𝑙 1.  18 𝑤𝑘 𝐵𝑊 (𝑘𝑔) = 1.2089 ∗ 14𝑤𝑘 𝐵𝑊 (𝑘𝑔) + 4.4725 

The second model using the microbiome data plus the 11 wk performance had a mean 

correlation of 0.76 and an RMSE of 0.26. Please note that this model is not practical. It 

contains five different organisms from the family Oscillospirales, of which genera have not 

yet been cultured. It also contains a value for litter levels of Mn at 18 wk of age, which 

deteriorates its prediction value but not the pattern recognition value. The regression was 

solved as follows and should only be used for data mining.  

𝑅𝑒𝑔𝑟𝑒𝑠𝑖𝑜𝑛 𝑀𝑜𝑑𝑒𝑙 2.   18 𝑤𝑘 𝐵𝑊 (𝑘𝑔)

= 0.0004 ∗ 𝑂𝑠𝑐𝑖𝑙𝑙𝑜𝑠𝑝𝑖𝑟𝑎𝑙𝑒𝑠 𝐵𝑎𝑐𝑡𝑒𝑟𝑖𝑎 + 0.9612 ∗ 11 𝑤𝑘 𝐵𝑊 (𝑘𝑔)

− 0.0037 𝐿𝑖𝑡𝑡𝑒𝑟 𝑀𝑛 𝑐𝑜𝑛𝑡𝑒𝑛𝑡 18 𝑤𝑘 (𝑚𝑔/𝑘𝑔) + 14.435 

Microbiome and Performance Data mining Analysis. The 14 and 11 wk BW 

performance values were the most common attributes used to predict turkey's BW at 18 wk. 

Mineral source (organic vs. inorganic) and litter Mn content at 18 wk were common selected 

attributes between all models. The organic mineral source of Zn and Mn tended to increase 
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the BW at 18 wk (P= 0.05). Mn's lower content in the litter tends to increase the BW of the 

birds at 18 wk of age (Figure 7). 

 For the classification model, no microorganism was a selected attribute. However, 

various microorganisms were selected for the regression models. From those 

microorganisms, two were common selected attributes between the first and second 

regression models. The first taxonomic label mined was represented by the Silva database as 

an uncultured genus of the Oscillospiraceae family. However, it was identified that this label 

was composed of five different organisms with the exact SILVA taxonomic identification. 

The GenBank accession number for each microorganism are HM574864.1, MH569920.1, 

MH572181.1, JQ248080, and KP101882.1. The combined abundance of the five 

microorganisms is part of the second regression model, where it can be inferred that the 

addition of their observed features has a positive relationship while predicting 18 wk BW. 

The third microorganism common as necessary for both models is the Subdoligranulum spp. 

(Gemminger spp.). The GenBank accession associated with this microorganism is 

FJ440072.1. When numbers of Subdoligranulum spp. Increases, birds are classified as 

objective BW instead of as high BW. 

 

DISCUSSION 

The results and discussion by Flores et al. (2021a) will serve as the statical analysis 

baseline for BW in the herein paper. This is because both papers are from the same dataset 

and experimental design. The statistical results will complement the machine learning and 

further discussion for the work described herein.  
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For the classified dataset, J48 (C4.5) (Quinlan, 2014) was used as the algorithm to 

create the prediction model. The J48 created a model that theatrically has yielded high 

performance for the dataset. The BW at 18 wk was 88.90% on average, correctly classified 

into the objective or high BW. However, the ultimate word of usability, practicality, and 

application is done by the user.  

 It can be inferred that when BW (numeric value) was classified into low, objective, 

and high categories, the practicality of the prediction reading was increased but also should 

be interpreted with a note of caution.  The herein classification model can demonstrate the 

user responsibility on the model’s robustness when reading a generalized version of BW. The 

model predicts that turkeys with a BW at 14 wk of ≤ 13.54238 kg will be considered birds 

with an objective BW when they reach 18 wk. The lack of a limit for a low BW in this tree 

branch makes the whole decision tree unusable in real practice. Should the turkey be 

classified as objective BW at 18 wk when a turkey only weighs 12 kg at 14 wk? The model 

does not account for a low BW classification because not a single pen of birds was classified 

as low BW in the dataset, and thus this bin was unrepresented. The BW classification 

constraints could be changed to make a low BW available to the dataset. However, the 

classification is user-defined, and so to standardize the methodology, the same classification 

of market age turkey BW was used.  

Classification algorithms were built to predict nominal values. For example, support 

vector machines work great when predicting female or male perch fish based on proteomics 

data (Schilling et al., 2015). Creating a nominal value from a numeric one brings the 

challenge of standardization, increased error, and model application. Chapman et al. (2014) 

presented a standardized conversion of numeric values into striped bass egg quality that led 
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to its prediction using ML. Classification algorithms still have a great value when predicting 

animal performance (numeric values) by increasing the final user interpretation of the model 

outcomes. For example, classification of performance could be used if a producer wants to 

quickly identify if a flock of turkeys will reach the performance objectives when the turkeys 

reach market age. The classification of the BW into three bins will assist the producer to 

understand and interpret the performance data.  

The classification methodology and model output are included in the work herein. 

Even with its faults, it serves as an example for producers and researchers trying to operate 

classification models with performance data. It should also be noted that this model can be 

strengthened with more data. Nevertheless, this approach should be taken carefully and 

thoughtfully, depending on the question one wishes to answer. Caution must always be 

present when dealing with data management. In this case, the user's classification of BW into 

bins affected the classification model's usefulness. The model could be strengthened when 

more data from other experiments are available and contained pens of birds classified as low 

BW.  

A more practical, reliable, simple, and usable model for performance datasets 

(continuous values) is regression. However, these models have lower performance compared 

to classification models because they predict a specific number rather than three bins of 

classification. The WEKA offers several algorithms that can utilize continuous numbers for 

phenomena to be predicted. This allows the user to test various algorithms. It should be noted 

that standard options such as neural networks, Sequential Minimal Operations for Regression 

(SMOReg), and linear regression did not work well with the data used in this experiment. 

Decision tree algorithms suited for regression outperformed all the other algorithms. The M5 
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algorithm was developed by Quinlan (1992) and was optimized to M5' by Wang and Witten 

(1996).  

The M5' algorithm allowed for two models. The first one was a simple, 

straightforward, and practical model that utilized the turkey's BW at 14 wk to predict BW at 

18 wk. The second model could predict 18 wk BW with similar performance to the first 

model and three weeks in advantage. However, caution is advised as with the classification 

model explained above. The second model includes more variables to account for, analyze, 

and input. It requires measuring microbiome at five weeks and Mn content of the litter at 18 

wk, which is costly and impractical for predicting a measured value at 18 wk, making the 

first model more practical and usable. However, the second model considers what data 

patterns are available to data-mine in the datasets used to create models to predict BW. 

The mineral sources were one of the mined attributes and were a vital attribute value 

to all three algorithms. When the birds were fed organic minerals, the birds were mainly 

classified as a high BW and had a higher BW. This observation agrees with the statistical 

analysis of the experimental data (Flores et al., 2021a), where birds fed an organic source of 

minerals were heavier than birds fed inorganic minerals at 18 wk. Both statistical and data 

mining analyses agree that mineral source is a critical variable to determine the bird BW at 

18 wk.   

Litter Mn and Zn at 18 wk were not analyzed in the study herein to predict 18 wk 

BW. These attributes were added to identify patterns in mineral usage by the birds. Litter Mn 

levels, and not the levels of residual Zn, were selected as the source of information for all 

algorithms to build models. Flores et al. (2021a) reported there were no statistical effects of 

the treatments on residual levels of Mn in the litter at 18 wk. However, this statistical result 
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does not infer Mn content on the BW of the bird. In the case of litter Mn, no comparison can 

be made between the statistical and data mining approaches, as they are answering two 

different questions. The statistical methodology is answering how the treatments affect litter 

Zn and Mn. The data mining approach is answering how the litter Zn and Mn affect BW. 

When the mineral treatment is plotted against the amount of residual Mn in the litter, it can 

be visualized that more birds are classified as high BW than objective BW when fed organic 

minerals. Likewise, more birds are classified as high BW than objective BW when the level 

of Mn in the litter is lower than 570 mg/kg (Figure 7). This data pattern should be explored 

further in combination with all the data-mined variables in this paper.     

It is known that Mn is needed for nutrient metabolism, as cell structures, 

reproduction, nervous system functions, bone development, and antioxidant systems (Suttle, 

2010; Jankowski et al., 2018; Ognik et al., 2019). However, the basis of this knowledge was 

gathered in the 1930s with saline sources to determine nutritional requirements, feedstuff 

content, and factors affecting its utilization (Schaible et al., 1938; Wilgus and Patton, 1939; 

Wilgus Jr et al., 1939). Recognition of over-supplementation of Mn in the industry 

(Jankowski et al., 2018; Jankowski et al., 2019c), its bioavailability in the litter for land 

applications (van der Watt et al., 1994), and its burden on the environment (Blanco-Penedo et 

al., 2006; Ao and Pierce, 2013; Patra and Lalhriatpuii, 2020) are a great motivation to study 

new requirements. The study herein recognized that understanding the litter content of Mn is 

essential. However, why it is essential should be answered with more research of new 

emergent sources, new requirements, and their bioavailability.  

Performance parameters were the attributes that had the most value in the algorithm 

search for a model. This validates the proposition that each model has BW at 14 wk or 11 wk 
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as part of them. It is essential to mention that the further through time the prediction is made, 

the lower the correctly classified or correlation becomes. Predictions with attributes from 5 or 

8 wk, or only microbiome samples were not enough with the current datasets. More data is 

needed to develop models that can predict that far in the future. As an example of this 

phenomenon, the regression model one, where BW at 14 wk is enough to create a model with 

a 0.73 correlation. However, if the user wants to predict 18 wk BW at 11 wk, other attributes 

must be measured, such as the five uncultured genera of the Oscillospiraceae family found in 

the ceca of a 5 wk old birds. In human infants, a high abundance of the Oscillospiraceae 

family's organism reduces the levels of cholesterols and indicates normal BW (Maya-Lucas 

et al., 2019). The authors of that paper explain that the Oscillospiraceae family alongside 

Bacteriodes spp. Increases glycolysis I and II, valeric production acid, and reducing acetyl 

CoA levels, thus having normal lipid levels. Short fatty acids, like butyric acid in the gut, can 

decrease pathogens (Elnesr et al., 2020). These organisms and their metabolites, especially 

short fatty acid production, should be studied to understand their poultry effect. First, we 

need to identify the specific organism selected by the data mining process. 

All five uncultured genera of the family were identified as essential to predict BW. 

Members of the Oscillospiraceae family are regularly found in the gut of most animals, 

including humans. However, the five of them were able to be identified by their unique 

accession numbers. The GenBank (accession number) HM574864.1 was submitted to the 

NCBI database by Cressman et al. (2010) while trying to understand the relationship between 

litter and broiler microbiota.  The GenBank (accession number) MH569920.1 and 

MH572181.1 were added to the NCBI database by Vermeulen (2018). This two-organism 

sequence originated from a data set from an unpublished paper on the effect of wheat bran 
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particle size on microbiota composition in broilers. The GenBank (accession number) 

JQ248080 was included in the NCBI data set by Luo et al. (2013) while writing a scientific 

paper on the vitamin effect on the ratio of Clostridium, Faecalibacterium, and Lactobacillus 

in broilers. Last but not least was the GenBank (accession number) KP101882.1 included in 

the NCBI data set by Mach et al. (2015). The last organism was the only one not sequenced 

in poultry but swine.  

Another organism that was data mined by the user was a species of uncultured 

bacteria of the genus Subdoligranulum also taxonomically classified as the Gemminger 

genus. The GenBank (accession number) FJ440072.1 is the only match for this organism and 

was submitted to the NCBI database by Scupham et al. (2010). The author submitted this 

database of sequences while manipulating microbiota to identify pathogens associated with 

Campilobacter jejuni. The reported reduction in fat content and increased metabolic health in 

mice and humans intrigued Van Hul et al. (2020) to investigate more about the genus in 

humans health. They did not report any benefits of humans being supplemented with the 

microorganism. The six bacteria identified in the study herein need further research and 

complement further with additional microbiome data sets. If any information about the 

identified bacteria is added to the databases, it could be retrieved online (GTDB, 2021; 

NCBI, 2021; SILVA, 2021).    

In conclusion, the first regression model can predict practically and reliably the BW 

of male turkeys at 18 wk of age-based only on the BW at 14 wk. The second regression 

model had an equal performance as the first while predicting 11 wk BW. It is more complex, 

impractical, and contains variables challenging and costly to measure for prediction. 

However, it opens the doors to new organisms that should be researched and manipulated to 
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increase performance. The classification can be easy to read and apply, but it must be 

improved with more data points. It also does not account for birds classified as low BW. It is 

possible that one should pay close attention and study the mineral source and residual Mn 

content in the litter. Future ML analysis with more male turkey cecal microbiome data points 

should be analyzed and published. Further research is needed to determine more robustly if 

more information can be mined and gathered about the sum of observed features of the five 

uncultured bacteria of the Oscillospiraceae family and the uncultured bacteria of the 

Subdoligranulum genus found to be essential to predict BW. These ML and DM tools could 

be applied to turkey research and production systems by analyzing large datasets based on 

the work herein. The data mined attributes should explore further; perhaps Mn and the 

bacteria described herein are related or work in an unknown network. 
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Figure 1.  A closer look at the correctly classified last ten models constructed, each with one 

less attribute than the previous one. The J48 algorithm was able to construct models with 

88.90% correctly classified or a correlation of 0.889 at18 wk. BW into high or objective body 

weight (BW) with four or fewer attributes were available. However, on those occasions, only 

BW at 14 wk of age was selected and used. 
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Figure 2. The Root Mean Square Error (RMSE) is plotted against the number available for 

the J48 algorithm. A reduction in the RMSE is observed when only four attributes or fewer 

are available. The J48 algorithm was able to construct models with 0.26 RMSE when BW at 

14 wk of age was used as the only attribute to predict male turkeys' BW at 18 wk. 
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Figure 3. Fitting of the curve of correctly classified bodyweight (BW) nominal classes, either 

objective BW or high BW, by reducing the number of attributes. The highest random chance 

(negative control) value and correctly classified 18wk BW was achieved by the J48 

algorithm when turkey's BW at 14 wk, 69.68% (0.697 correlation), and 88.90% (0.889 

correlation), respectively. However, when the J48 classifier was used with the original data 

set, it had a statistically higher classification than the negative control (P<0.05). The area 

under the red line is the random chance of choosing a randomized nominal class of BW when 

in 10 different data sets with a J48 Algorithm. The blue area is the edge over the random 

chance or knowledge gained over the random chance. Caution must be exercised with this 

graph as it contains models that do not contain birds classified as Low BW.  
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Figure 4. Zoom-in of the performance of the M5' algorithm building regression models while 

reducing attributes available to it. When only two or fewer attributes are available, the M5' 

produces a model where only turkeys' body weight (BW) at 14wk is used to predict BW at 

18wk of age with a 0.73 correlation.     
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Figure 5. Reduction of the Root Mean Square Error (RMSE) by reducing the number of 

attributes available for the M5' Algorithm to build regression models. A constant RMSE of 

0.26 is achievable when eight or fewer attributes are available from all 253 attributes.  
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Figure 6. Bodyweight (BW) regression curve fitting. Attributes were eliminated as a possible 

part of the model to reduce variability. The highest correlation (0.73) was achieved when 

turkey's BW at 14 was used as the only attribute to correlate to turkey's BW at 18 wk. The 

negative control, usage of the M5' algorithm in 10 randomized BW data sets, only achieved a 

correlation of 0.02. Statistical lower than the correlation achieved by the M5' algorithm with 

the original data set (P<0.05).   
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Figure 7. Levels of residual litter plotted against the mineral source fed to turkeys, either the 

organic source (ORG) or an inorganic source (INO). Blue points in the plot represent pens in 

which turkey was classified as having a high body weight, and red points as objective body 

weight (BW) at 18 wk. of age. No statistical difference was observed in the effect of mineral 

sources on BW. However, there are more high BW under 569.75 mg/kg than above that 

level. We can also observe that an organic minerals source has more birds classified as high 

BW (blue points). 
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Performance and processing yield differences due to Large White male turkey genetic 

lines, sources, and seasonal rearing. 

 

ABSTRACT 

Large White male turkey genetic lines (GL) comparison in performance and processing yields 

under the same conditions are rare in the literature. Two rearing experiments (EXP) were 

conducted to accomplish two objectives. The first objective was to test the effects of poult 

source and genetic lines on performance and processing yields. The second objective was to 

extract season and growth patterns when comparing both EXP common treatments. In EXP 1 

male poults from 5 different sources were randomly assigned to 48 concrete: litter-covered 

floor pens. In EXP 2, male poults from 7 different genetic lines were randomly assigned to 48 

concrete: litter-covered floor pens. For both EXP, the experimental design was a completely 

randomized block design with a one-factor arrangement. Both EXP were placed in the same 

house with the same management and nutrition in two separate seasons of the same year. Bird 

performance and carcass processing yield were analyzed in SAS 9.4 or JMP 15.1 in a mixed 

model. In EXP 1 no significant difference in BW or processing yield was observed. However, 

a similar GL from a commercial hatchery had an improved Feed Conversion Ratio (FCR) over 

the same GL sourced directly from the genetic company hatchery. In EXP 2, statistical 

differences were observed in performance and breast meat yield depending on the GL. A 

season effect was observed when comparing both EXP. Birds raised in the fall season had a 2 

kg BW difference in average over their spring counterparts. This difference in BW can also be 

observed in a statistically higher breast meat yield by the birds raised in fall over the ones 



 

113 

raised in spring. In conclusion, a comparison between GL resulted in effects due to genetic 

line, poult source, and rearing season on bird performance and carcass yield. 

Keywords: Genetic lines, processing, performance, growth rate, seasonal rearing. 
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INTRODUCTION 

A significant part of the poultry industry's commercial success has been the 

proprietary genetic information of competing breeder companies (Tixier-Boichard et al., 

2009).  The proprietary information keeps the industry competitive and updated to challenges 

and production problems, in higher turnover than other animal husbandry, keeps the poultry 

industry as a low-cost animal protein source.  However, unshared proprietary information 

may create a lack of public (open source) knowledge of the genetic lines and their 

characteristics. Tixier-Boichard et al. (2009) stated that keeping up with the characterization 

by monitoring poultry's genetic pool is critical to provide information to the market.  

Previous experiments using carcass characteristics in turkeys have utilized pure lines 

and crosses (Nestor et al., 2001). Pure lines (great grandparents and grandparents) reproduce 

breeder and ultimately commercial meat birds. Breeders companies select pure lines; they 

have the pedigree until the parents are sold to commercial integrators that sell meat. Thus, 

poultry integrators have a stock of parents and stock the grow-out houses with their offspring 

or the final birds used for animal protein. However, there is a need to update and compare 

commercial lines and not pure lines. Until 2000,  a specific line was selected for 30 

generations to increase rapid growth in performance (Nestor et al., 2000). 

A rapid growth genetic selection strategy that increases body weight and breast meat 

yields have also brought challenges, such as leg problems, livability, ascites, muscle 

abnormalities, pale soft exudative meat, and even cooked product characteristics (Anthony, 

1998). In some cases, unexpected consequences such as animal welfare issues and increases 

in rare recessive alleles with adverse effects on fitness (Hocking, 2014) have been observed. 

In turkeys, increased body weight selection resulted in a lower immune response in two 
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commercial breeds (Bayyari et al., 1997). These are production concerns as consumers 

become more aware and change their perceptions towards animal welfare and turkey 

production (Hafez and Shehata, 2021). There is a lack of disclosed information about 

secondary adverse effects of performance genetic selection and current performance and 

processing comparison.  

It is known that body weight and breast meat yield increases in cooler temperature 

rearing relative to warmer temperature rearing (Case et al., 2010). In uncontrolled 

environment production houses, the temperature fluctuates depending on the season. Spring 

rearing (January to May) can produce heat stress at the end of the production cycle. Heat 

stress can produce oxidative stress (Akbarian et al., 2016), reduce voluntary feed intake, and 

reduce BWG (Sahin et al., 2001). By having different genetic traits, different strains could 

behave differently to heat stress. Therefore we reared, monitored, and analyzed two different 

strains in one spring and a fall experiment.  

Research monitoring for the phenotype and secondary adverse effects of selecting for 

higher yields while in different season production cycles is essential to understand practical 

economic and animal welfare issues better. Therefore, the study herein was conducted to 

compare the performance, tibial dyschondroplasia, and processing yield of different genetic 

lines in two experiments conducted in the same research house and under the same 

nutritional regime in different production seasons. The paper herein was designed to be a 

source of growth data and report performance and tibial dyschondroplasia rates in different 

commercial strains of turkeys.  
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MATERIALS AND METHODS 

Treatments and experimental design.  For the first experiment (EXP), a completely 

randomized block design with a one-factor arrangement (poult source) was used. A total of 

five sets of poults with three genetic lines were used. The first three sets were sourced from 

the genetic house of origin and the other two from commercial hatcheries. The labels used for 

the treatments (sets of poults) will be assigned as (L1, L2, L3, L1H, L2H). The poults that 

share the same genetic information but coming from the commercial hatcheries were labeled 

with an "H." The L1 and L2 only had nine replicates, while the other treatment had ten 

replicates. Each treatment was represented in each of the four blocks at least once. 

For EXP 2, a completely randomized block design with a one-factor arrangement of 

treatments was used. A comparison of seven genetic lines or treatments was made. The 

genetic lines were represented as L1H2, L2, L5, L6, L7, and L8. The L1 and L2 treatments 

were the same genetic lines as L1 and L2 in EXP 1. The L1, L2, and L6 had nine replicates 

each, while the L4 had seven, the L5 and L8 five, and the L7 four replicates each. The 

difference in replicates was due to the high amount of treatments tested in the facility's 

limited space. Each treatment was represented in each of the four blocks at least once. 

Housing and management. Both EXP were house in the same double curtain-sided 

turkey house with clay floors. There was a total of 48 pens (8.4 m2/pen). All pens were 

bedded with fresh pine shavings. In EXP 1, a total of 25 birds per pen were placed in the 

middle of January-May. A total of 22 birds per pen were placed at the end of July-December 

for In EXP 2, in the same year of EXP 1. The birds were weighed individually at 4 wk and 

then every 3 wk until 19 wk of age. The weight of each pen of birds plus culls and mortalities 

was used to determine the feed conversion ratio (FCR). Feed and water were offered ad 
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libitum throughout both EXP. Tibial dyschondroplasia (TD) (Figure 1) was measured to 

identified secondary adverse effects of performance selection. However, no other reason for 

mortality was also recorded. All animal handling procedures were approved by the North 

Carolina State University Institutional Animal Care and Use Committee. 

Feeding program. Six feed phases were fed to the birds (starter 1, starter 2, grower 1, 

grower 2, finisher 1, and finisher 2) on a feed weight per bird feeding program (Table 1). 

Within each EXP, all birds were fed the same feed and the same amount of each phase on a 

per bird basis adjusted for each mortality within each pen. Feed weight was recorded and was 

added to a known weight feeder. At 4, 7, 10, 13, 16, and 19 wk feeders combined with 

unconsumed feed were weighed to determine feed disappearance as intake (FI), which was 

used to determine FCR. 

Feed analysis.  Proximate analysis was outsourced for dry matter, crude protein, 

crude fat, and minerals for samples (250 g) of each dietary treatment by phase (Carolina 

Analytical Services, Bear Creek, NC).  

Processing. At 19 wk, half of the house birds were processed at a commercial turkey 

processing plant. A live BW of the experimental units was recorded at the rearing facility on 

the day of transport to be used for processing yield values. Cold carcass weight was recorded 

at the processing plant. The cold carcasses were then cut and weighed into the total breast, 

major and minor breast, wings, legs, thighs, back, frame and skin. The percentage of the cold 

carcass was based on live BW.  The percentage of total and cut yield was based on a cold 

carcass.  Statistical analysis was conducted using SAS 9.4 using a proc mixed model. The 

subsamples' mean was used as the experimental unit (pen), and the block was the random 

effect.    
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Statistical analysis. Both experiments (EXP 1 and EXP 2) had a completely 

randomized block design. Data for both EXP were analyzed using the PROC MIXED 

procedure from SAS 9.4. or JMP 15.1 (SAS Institute, Cary, NC). Both software packages 

were used to complement their strengths, SAS 9.4 for its tables and JMP 15.1 to organize, 

curate, and graph data. Significant differences in main effects were separated using the 

Tukey HSD test with a P ≤ of 0.05. The processing data contained several unbalanced 

subsamples per experimental unit (pen). Thus, all the subsamples were nested and not 

averaged. 

 

RESULTS 

Feed analysis. Calculated nutrient content for North Carolina State University 

manufactured feed is presented in Table 2. The nutrient analysis of all four feeds is presented 

in Table 3 and reflects the calculated nutrient content.  

Performance parameters. In EXP 1, differences due to poult source were observed 

for bird body weight (BW) at placement and until 16 wk (Table 4). At 19 wk, there was no 

statistical difference on bird BW due to poult source. A higher and lower BW gain (BWG) 

was observed depending on the treatment and age. No consistent pattern was observed (Table 

5). The L1 treatment had the higher BWG at 4 wk, but the lowest at 19 wk. No statistical 

difference was observed in FI due to treatments at 19 wk (Table 6). Birds sourced from the 

L1H set had an improved FCR at 19 wk when compared to the L1 and L2 counterparts 

(Table 7). 

 In EXP 2, differences due to genetic line were observed for bird BW at placement, 7, 

10, 13, 16, and 19 wk (Table 4). The L2 line where the heaviest birds with no shared 
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population mean. The L1, L4, L7, and L8 genetic lines were similar to L2 and similar to 

lower BW genetic lines. Birds of all the treatments had a higher and lower BWG through 4 to 

16 wk (Table 5). At 19 wk, the BWG comparison of the treatments was not significant. The 

FI of L5 and L6 genetic lines of birds were lower when compared to the birds of L2, L4, and 

L8 but were not statistically different from L1and L7 at 19 wk (Table 6). No significant 

differences were found in FCR at 19 wk due to genetic lines (Table 7). 

When comparing the genetic lines present in both EXP 1 and EXP 2, one can observe 

a statistical difference in the first weeks of age, where the birds in EXP 1 were heavier than 

birds in EXP 2. However, at the end of the trials, the birds of EXP 2 were heavier. The BWG 

and FI of the birds follow a similar trend as BW (Table 5 and 6). The lowest FCR was 

achieved by the L1 genetic line but not different than the L2 in EXP 2 (Table 7). 

 The TD lesions were not statistically analyzed for both experiments for a low number 

of replicates with a high amount of TD cases presenting the issue. However, the issue was 

highly present in all genetic lines and observed primarily from 4 to 16 wk. In EXP 1 there 

were 29 out of the 48 pens that had at least one bad leg bird, five pens with more than five 

birds, and one pen with ten birds. With a total of 12.30% of birds of the whole flock 

presenting bad leg issues.  In EXP 2 only nine pens showed bad legs, and only 0.94% of the 

total flock was lost for bad legs. 

Processing. For EXP 1, no statistical differences were observed between poult 

sources in processing data (Tables 8 and 9). For EXP 2, statistical differences were found in 

the processed birds' live BW (Table 8). The L2 birds were the heaviest, and consequently, all 

cut-up parts, but the frame were heavier as well (Table 8).  When examining the parts yield 

based on the cold carcass weight, the only differences found were in the major and total 
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breast weight (Table 9).  Birds from the genetic line L4 had the highest major and total breast 

yield, while L1 and L6 had the lowest yield. Genetic lines L2, L5, L7, and L8, were 

statistically similar to L4 (Table 9).  

A difference in both yields in kg and percentage was found in the major and total 

breast values when comparing processing yields of the common genetic lines in both 

experiments (Table 8 and 9), where the birds from genetic line L2 performed above the 

genetic line L1 independent of the experiment.  

 

 

DISCUSSION 

Important information was extracted from the performance and processing 

information of the two studies. The discussion will be divided into four main points.   

The poults’ sourcing is important as compared to genetic advancements. EXP 1 

performance results show that the hatchery sourcing was critical for the L1 genetic line but 

not for the L2 genetic line. The L1 sourced from the commercial hatchery (L1H) had a higher 

BWG at 19 wk and improved FCR than the same genetic line sourced from the primary 

breeder (L1). The L2 and L2H were not statistically different in performance. Caution must 

be implemented with this comparison since only two commercial hatcheries were used, each 

with different breeders ages that the authors do not know.  However, it is a possibility that 

poults’ source and how the poults are sourced can affect performance. Vieira and Moran 

(1999) stated that the hen age is irrelevant to live broiler performance when eggs are the 

same weight. Broiler BW at 6 wk was similar for breeder flock age; however, FCR was 

higher for the older flock (Joseph and Moran, 2005). The authors found that the hatch 
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window was earlier for 41 wk flocks vs. 32 wk old flocks (Joseph and Moran, 2005). 

Chickens sourced from mid-age hens had a higher innate immune system when compared to 

the ones sourced from early or late hens (Saunders-Blades and Korver, 2015). Breeders, egg 

collection, incubation and embryo temperature, moisture at transfer, hatch window, and 

transportation are all aspects of measuring the poult source quality (Lopez and Hergott, 

2014). All these aspects should be studied in each specific operation to account for a 

"hatchery effect" that should be studied in the future.   

The results herein provide information on the different ways birds grow over time, 

depending on the source and season. Growth curves have been developed to compare species  

(Anthony et al., 1991; Knížetová et al., 1995), where it was concluded that selection age for 

BW compared to their mature weight is critical. In turkey production, the Von Bertalanffy 

model was used to high coefficient of determination (R2) and Mean Square Error (MSE) 

when developing grow curves in different breeding systems (Sogut et al., 2016). These grow 

curves are essential to determine feed requirements and live weight (ŞENGÜL and Kiraz, 

2005). However, these models need to be updated, compared to genetic lines, and be applied 

to heat stress situations. New approaches on predicting growth are the statistical analysis of 

turkeys grunts sounds to predict growth (Abdel-Kafy et al., 2020) and the use of machine 

learning on performance and microbiome data sets (Flores et al., 2021b). These types of data 

sets can be valuable in the future to build predicting models or growth curves. 

Rapid growth at the beginning of production was observed in the statistically higher 

performance and BW of L1 in the first stages of life.  In the first experiment, L1 had a higher 

BW, BWG in the first weeks of age. By the end of the experiment, all treatments could catch 

up to a point where there were no significant differences at 19 wk in BW. A plateau in the 
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growth curve of L1 was reached, but not to the other treatments. In the second experiment, 

differences in BWG and FCR were observed until 16 wk, with no significant differences at 

19 wk.  In the second experiment, there was still a BW difference between treatments carried 

from earlier BWG. However, given enough time, with the same nutritional and 

environmental conditions, every bird source can achieve the same performance but not 

necessarily in the same amount of time. The key may be identifying the bird source 

parameters, even at the hatchery level, to achieve specific time and performance goals.  

The results herein show the effects of the season on genetic lines. A comparison 

between L1 and L2 genetic lines during the spring and fall can be made because the 

experiments were run under the same housing, management, and nutrition conditions during 

the same year. When the genetic lines were raised in the spring ending with summer-type 

weather, the growth rate in terms of BWG, BW, and FI at the beginning of the trial is higher 

than the birds raised in the fall. However, by the end of the growth period, birds raised in the 

fall were approximately 2 kg, on average, heavier than their spring counterpart. This live 

performance difference was also observed in the major pectoralis and total breast muscle 

processing yield.  

 Higher performance at the start (Spring) or finishing (Fall) was potential because of 

the greater ability to control the heat in winter than in summer in double-sided curtain 

houses. Summer could indeed benefit the first weeks of placement for turkeys. However, if it 

is prolonged, in the case of birds' placement in July, it could cause heat stress in the middle 

of the production. Performance decrease also happens at the end of production, when birds 

placed in January must endure May's heat stress when they are the heaviest and probably 

plateau in their growth. Turkeys BWG and breast meat yield increases in cooler temperature 
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rearing compared to warmer temperature rearing (Case et al., 2010). Heat stress can produce 

oxidative stress (Akbarian et al., 2016), reduce voluntary feed intake, and reduce BWG 

(Sahin et al., 2001). An increase in global temperatures and its effects on poultry production 

efficiency may be prioritized when selecting genetic characteristics (Kumar et al., 2021). 

Currently, selected poultry traits as higher growth rates and improved FCR are undesirable 

when dealing with heat stress (Emmans and Kyriazakis, 2000; Yahav, 2000) unless mitigated 

through management such as improved housing. The heat stress seems to be handled more 

efficiently by the L2 genetic line by having similar FCR regardless of the experiment. 

However, BW, BWG, and breast meat yields are affected by the season regardless of the 

genetic lines. Case et al. (2010)  reviewed the factors that affect breast meat yield in turkeys. 

Breast meat yield increases with the hyperplasia and hypertrophy of the muscle determined 

by the strain and inheritance traits. However, to fulfill the genetic potential, the hatchery 

ventilation and temperature, nutrition, lighting program, and growth temperature has to be 

considered. 

In the study herein, no secondary effects due to genetic lines were observed. The most 

prominent secondary effect observed in both experiments was TD. No statistical analysis was 

performed as the problem only spiked in certain pens (experimental units) all across genetic 

lines and throughout the turkey house. Turkeys with TD were observed from 4 to 16 wk of 

age.  Not enough replicates were represented to build a robust statistical model. Live samples 

were taken for microbial or viral laboratory analysis (Rollins Animal Disease Laboratory, 

Raleigh NC 27607). No pathogen or virus was found to be the culprit of the TD lesions. 

These lessons are shared in meat-type birds (Roberson et al., 1993). These can be reduced by 

feed reduction, which increases calcium accumulation in the growth plates (Roberson et al., 
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1993). Ferket (1987) demonstrated that TD issues are reduced by early protein restriction. 

However, the practice of feed or protein restriction is not accepted to maximize breast meat 

yield growth.  These papers support the hypothesis proposed by Roberson (1993) that there 

could be a disconnection between the skeletal and muscular growth rate. The paper herein 

concluded that nutrition was not part of the TD issue as all birds were fed the same breeder-

recommended diet in both experiments. The difference between the number of birds and 

experimental units affected in the spring (higher number) should be studied against fall 

studies in the future, where TD is studied in more detail. This can be done by doing necrosis 

of the birds and account for birds that died for a different reason but still had TD. 

 No other secondary effects were observed. Hafez and Shehata (2021) reported how 

genetic selection could have a role in secondary effects such as aortic ruptures, sudden death, 

and musculoskeletal system and leg disorders. It is vital to reduce performance selection's 

adverse effects based on consumer pressure on animal welfare (Hafez and Shehata, 2021). 

In conclusion, the source of the poults (hatchery) and production season (spring or 

fall) are vital even when the same genetic line, housing, management, and nutrition plan. 

Producers should identify the genetic line growth curve specifically for all the conditions 

mentioned above to achieve their production goals. 
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Figure 1.  Tibial dyschondroplasia lesions in 5 wk old male turkey.   

Cartilaginous plug of 

tibial dyschondroplasia.  

Necrosis of tibia head. 
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Table 1. Turkey Dietary Ingredient Composition 

Ingredients (%) Starter 1 Starter 2 Grower 1 Grower 2 Finisher 1 Finisher 2 

Corn 18.60 22.00 26.20 34.30 40.70 44.50 

Wheat 20.00 20.00 20.00 20.00 20.00 20.00 

Soybean meal 38.00 35.00 30.00 22.50 17.00 13.40 

Poultry meal 10.00 10.00 10.00 10.00 10.00 10.00 

Calcium carbonate    1.80 1.65 1.58 1.45 1.10 1.08 

Monocalcium phosphate 2.55 2.35 2.25 2.00 1.50 1.35 

Methionine1 0.45 0.43 0.38 0.30 0.28 0.25 

Lysine2 0.45 0.44 0.41 0.33 0.33 0.30 

Threonine 0.15 0.13 0.13 0.08 0.08 0.08 

Salt 0.20 0.20 0.20 0.20 0.20 0.20 

Mineral premix3 0.20 0.20 0.20 0.20 0.20 0.20 

Choline chloride 0.20 0.20 0.20 0.20 0.20 0.20 

Vitamin mix4 0.20 0.20 0.20 0.20 0.20 0.20 

Selenium mix 0.05 0.05 0.05 0.05 0.05 0.05 

Sodium bicarbonate 0.13 0.13 0.13 0.13 0.13 0.13 

Poultry fat  7.03 7.03 8.09 8.08 8.05 8.08 

Ingredient Total:    100.00 100.00 100.00 100.00 100.00 100.00 
1 Donated by Ajinomoto North America 
2 Donated by Evonik North America   
3 In experiment one, the mineral premix provided the following per kg of diet: manganese, 

120 mg; zinc, 120 mg; iron, 80 mg; copper, 10 mg; iodine, 2.5 mg; 
4 Donated by DSM Nutritional Products; vitamin premix provided the following per kg of 

diet: vitamin A, 26455 IU; vitamin D3, 7936 IU; vitamin E, 132 IU; vitamin B12, 0.08 mg; 

biotin, 0.51 mg; menadione, 8 mg; thiamine, 8 mg; riboflavin, 26.67 mg; pantothenic acid, 44 

mg; vitamin B6, 16 mg; niacin, 220 mg; folic acid, 4 mg. 
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Table 2. Calculated nutrient contents (%) for both experiments feed phases. 

Nutrient Starter 1 Starter 2 Grower 1 Grower 2 Finisher 1 Finisher 2 

Crude protein 30.70 29.50 27.20 23.90 21.60 20.00 

ME (kcal/Kg) 3086 3126 3232 3318 3400 3439 

Crude Fat 9.80 9.80 10.90 11.00 11.10 11.20 

Lysine 1.89 1.80 1.65 1.39 1.25 1.14 

Methionine1 0.84 0.81 0.73 0.62 0.58 0.53 

Methionine + Cysteine1 1.23 1.18 1.08 0.93 0.87 0.80 

Tryptophan1 0.33 0.31 0.28 0.24 0.21 0.19 

Threonine1 1.19 1.12 1.04 0.87 0.79 0.73 

Arginine1 1.89 1.80 1.64 1.42 1.25 1.15 

Valine1 1.31 1.25 1.15 1.01 0.91 0.84 

Calcium 1.50 1.41 1.35 1.25 1.03 0.99 

Available Phosphorus 0.75 0.71 0.68 0.63 0.52 0.49 

Sodium 0.19 0.19 0.18 0.18 0.18 0.18 

Chloride 0.18 0.18 0.18 0.18 0.18 0.19 
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Table 3. Nutrient analyses of diets fed to turkeys1 

Nutrient (%) 

Experiment 1 

Starter 1 Starter2 Grower 1 Grower 2 Finisher 1 Finisher 2 

Moisture 11.40 11.60 11.20 10.83 11.21 10.96 

Fat 9.15 8.75 12.03 11.01 10.96 11.63 

Protein 29.72 29.60 28.63 24.55 23.45 18.23 

Ash 8.34 7.31 7.55 6.38 6.27 5.12 

Phosphorus2 0.91 0.81 0.83 0.80 0.89 0.72 

Calcium 1.42 1.38 1.44 1.35 1.26 1.00 

Sodium 0.16 0.14 0.16 0.15 0.16 0.16 

Nutrient (%) 

Experiment 2 

Starter 1 Starter2 Grower 1 Grower 2 Finisher 1 Finisher 2 

Moisture 11.13 11.10 11.00 10.52 10.63 10.56 

Fat 8.31 8.39 9.58 10.70 9.61 11.20 

Protein 30.29 30.99 27.55 24.96 23.11 20.70 

Ash 7.50 7.45 7.20 6.70 5.67 4.82 

Phosphorus2 1.00 0.97 1.00 0.97 0.80 0.75 

Calcium 1.45 1.57 1.40 1.42 1.02 0.95 

Sodium 0.15 0.13 0.13 0.14 0.16 0.18 
1Feed analysis was performed by Carolina Analytical Services (17570 NC Highway    902, 

Bear Creek, NC 27207). 
2 Available phosphorus in diet treatments. 
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Table 4. Poult source and genetic line1 effect on male turkey body weight in kg/bird. 

Poult 

Source 

Age (wk) 

0 4 7 10 13 16 19 
 ————————— (Experiment 1) ————————— 

L1 0.065a 1.54a 4.20a 7.83a 11.98a 16.59ab 19.45 

L2 0.058c 1.24b 3.56c 6.93b 11.20b 15.76b 19.075 

L3 0.057c 1.32b 3.68bc 7.31ab 11.56ab 15.98ab 19.54 

L1H2 0.055d 1.41ab 4.02ab 7.72a 11.97a 16.89a 19.92 

L2H3 0.060b 1.33b 3.79b 7.31ab 11.44ab 16.23ab 19.81 

SEM4 0.004 0.06 0.13 0.19 0.24 0.32 0.30 

P-value <0.0001 0.003 0.0006 0.0014 0.03 0.015 0.30 

Genetic 

line 

Age (wk) 

0 4 7 10 13 16 19 

 ————————— (Experiment 2) ————————— 

L1 0.056b 1.11 3.49ab 7.06abc 11.52ab 16.42a 21.26ab 

L2 0.060a 1.14 3.49a 7.14a 11.69a 16.74a 21.85a 

L4 0.046c 1.10 3.33abc 6.82abcd 11.33abc 16.28ab 21.40ab 

L5 0.046cd 1.04 3.13c 6.60d 10.93c 15.60c 20.49c 

L6 0.046cd 1.09 3.28bc  6.69bcd 11.13bc 15.74bc 20.78bc 

L7 0.045cd 1.09 3.25abc 6.70bcd 11.22abc 16.21abc 21.18abc 

L8 0.045d 1.11 3.42ab 7.08abc 11.55ab 16.35ab 21.48ab 

SEM5 0.004 0.03 0.08 0.12 0.16 0.20 0.27 

P-value <0.0001 0.12 0.0002 <0.0001 0.0003 <0.0001 <0.0001 

Genetic 

line 

Age (wk) 

0 4 7 10 13 16 19 

 ————————— (Experiment 1&2 comparison) ————————— 

L1 Exp 1 0.055d 1.36a 4.02a 7.70a 11.93 16.88 19.86b 

L1 Exp 2 0.056c 1.11b 3.49b 7.05b 11.52 16.41 21.28a 

L2 Exp 1 0.065b 1.53a 4.19a 7.81a 11.96 16.56 19.45b 

L2 Exp 2 0.060a 1.14b 3.49b 7.14b 11.69 16.73 21.85a 

SEM6 0.002 0.06 0.11 0.143 0.16 0.21 0.21 

P-value <0.0001 <0.0001 <0.0001 0.002 0.10 0.27 <0.0001 
a,b,c,d Means within a column lacking a common superscript differ (P ≤ 0.05). 
1 Genetic line (L) with different numbers have different genetic characteristics and traits.  
2 Poults from genetic line one sourced from commercial hatcheries. 
3 Poults from genetic line two sourced from commercial hatcheries. 
4 Standard error of the mean; min of n=9 replicates and up to n=10, 6 degrees of freedom. 
5 Standard error of the mean; min of n=4 replicates and up to n=10, 4 degrees of freedom. 
6 Standard error of the mean; min of n=9 replicates for all treatments, 3 degrees of freedom. 
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Table 5. Poult source and genetic line1 effect on male turkey body weight gain (kg/bird). 

Poult Source 
Age (wk) 

0-4 4-7 7-10 10-13 13-16 16-19 
 ————————— (Experiment 1) ————————— 

L1 1.48a 2.66a 3.63b 4.14b 4.60b 2.89b 

L2 1.18b 2.32b 3.37c 4.26b 4.57b 3.31ab 

L3 1.26b 2.36b 3.63b 4.26b 4.43b 3.55a 

L1H2 1.35ab 2.69a 3.94a 4.60a  5.32a 3.50a 

L2H3 1.27b 2.46ab 3.52bc 4.26b 4.79b 3.57a 

SEM4 0.06 0.08 0.07 0.10 0.12 0.18 

P-value 0.003 0.0004 <0.0001 0.004 <0.0001 0.01 

Genetic line 
Age (wk) 

0-4 4-7 7-10 10-13 13-16 16-19 

 ————————— (Experiment 2) ————————— 

L1 1.08 2.38a 3.56ab 4.47 4.90ab 4.84 

L2 1.11 2.36ab 3.64a 4.57 5.06a 5.11 

L4 1.07 2.24abc 3.49ab 4.51 4.95ab 5.12 

L5 1.02 2.09c 3.47ab 4.33 4.66bc 4.91 

L6 1.07 2.19bc 3.41b 4.45 4.60c 5.04 

L7 1.06 2.17abc 3.45ab 4.53 4.99ab 4.97 

L8 1.09 2.32ab 3.65a 4.47 4.79abc 5.14 

SEM5 0.03 0.07 0.09 0.07 0.10 0.13 

P-value 0.23 0.0001 0.043 0.25 0.0002 0.17 

Genetic line 
Age (wk) 

0-4 4-7 7-10 10-13 13-16 16-19 

 ———————— (Experiment 1&2 comparison) ————————— 

L1 Exp 1 1.36a 2.69a 3.94a 4.60a 5.31a 3.49b 

L1 Exp 2 1.11b 2.38b 3.57b 4.47a 4.90b 4.86a 

L2 Exp 1 1.53a 2.65a 3.63b 4.14b 4.60c 2.89c 

L2 Exp 2 1.14b 2.35b 3.66b 4.55a 5.05ab 5.12a 

SEM6 0.06 0.07 0.05 0.05 0.08 0.15 

P-value <0.0001 0.0002 0.0002 <0.0001 <0.0001 <0.0001 
a,b,c,d Means within a column lacking a common superscript differ (P ≤ 0.05). 
1 Genetic line (L) with different numbers have different genetic characteristics and traits.  
2 Poults from genetic line one sourced from a commercial hatchery. 
3 Poults from genetic line two sourced from a commercial hatchery. 
4 Standard error of the mean; min of n=9 replicates and up to n=10, 6 degrees of freedom. 
5 Standard error of the mean; min of n=4 replicates and up to n=10, 4 degrees of freedom. 
6 Standard error of the mean; min of n=9 replicates for all treatments, 3 degrees of freedom 
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Table 6. Poult source and genetic line1 effect on male turkey feed intake (kg/bird). 

Poult 

Source 

Age (wk) 

0-4 0-7 0-10 0-13 0-16 0-19 
 ————————— (Experiment 1) ————————— 

L1 2.07 6.19a 13.09 22.27 34.22 43.75 

L2 1.81 5.55b 12.06 21.28 33.34 43.16 

L3 1.92 5.52b 12.19 21.28 33.57 43.7 

L1H2 1.91 5.99ab 12.52 22.7 35.67 44.58 

L2H3 1.91 5.74ab 12.44 21.61 34.19 44.53 

SEM4 0.08 0.21 0.39 0.48 0.64 0.7 

P-value 0.12 0.02 0.15 0.05 0.07 0.5 

Genetic line 
Age (wk) 

0-4 0-7 0-10 0-13 0-16 0-19 

 ————————— (Experiment 2) ————————— 

L1 1.55 5.18 11.38abc 20.94a 33.22ab 45.71ab 

L2 1.63 5.29 11.67a 21.07a 33.23ab 46.20a 

L4 1.59 5.23 11.56ab 20.96a 33.11abc 46.19a 

L5 1.54 4.98 11.07bc 19.97b 31.69bc 44.12b 

L6 1.58 5.09 11.036c 20.24a 31.78c 44.15b 

L7 1.55 5.02 11.12bc 20.41a 32.76abc 45.87ab 

L8 1.58 5.14 11.42abc 21.09a 33.59a 46.67a 

SEM5 0.04 0.01 0.04 0.34 0.46 0.59 

P-value 0.28 0.19 0.23 0.01 0.01 0.0003 

Genetic line 
Age (wk) 

0-4 0-7 0-10 0-13 0-16 0-19 

 ————————— (Experiment 1&2 comparison) ———————— 

L1 Exp 1  1.80ab 5.88a 12.38ab 22.43a 35.38a 44.30bc 

L1 Exp 2 1.55b 5.16b 11.37c 20.94b 33.23b 45.73ab 

L2 Exp 1 2.06a 6.17a 13.05a 22.22a 34.18ab 43.71c 

L2 Exp 2 1.63b 5.28b 11.67bc 21.07b 33.27b 46.26a 

SEM6 0.06 0.15 0.26 0.32 0.35 0.49 

P-value <0.0001 <0.0001 <0.0001 0.0009 0.0012 0.0022 
a,b,c,d Means within a column lacking a common superscript differ (P ≤ 0.05). 
1 Genetic line (L) with different numbers have different genetic characteristics and traits.  
2 Poults from genetic line one sourced from a commercial hatchery. 
3 Poults from genetic line two sourced from a commercial hatchery. 
4 Standard error of the mean; min of n=9 replicates and up to n=10, 6 degrees of freedom. 
5 Standard error of the mean; min of n=4 replicates and up to n=10, 4 degrees of freedom. 
6 Standard error of the mean; min of n=9 replicates for all treatments, 3 degrees of freedom. 
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Table 7. Poult source and genetic line1 effect on male turkey feed conversion ratio (FCR) 

Poult Source 
Age (wk) 

0-4 0-7 0-10 0-13 0-16 0-19 
 ———————————— (Experiment 1) ———————————— 

L1 1.373 1.456 1.651 1.805 1.982b 2.179a  

L2 1.473 1.498 1.704 1.836 2.050a 2.151ab 

L3 1.470 1.482 1.646 1.808 2.0629a 2.174a 

L1H2 1.382 1.480 1.687 1.852 2.084a 2.068b 

L2H3 1.458 1.466 1.685 1.824 1.982b 2.097ab 

SEM4 0.046 0.003 0.017 0.014 0.017 0.025 

P-value 0.061 0.613 0.061 0.140 <0.0001 0.008 

Genetic line 
Age (wk) 

0-4 0-7 0-10 0-13 0-16 0-19 

 ———————————— (Experiment 2) ———————————— 

L1 1.404 1.447b 1.574b 1.767b 1.960ab 2.017 

L2 1.463 1.471ab 1.605ab 1.788ab 1.949b 2.080 

L4 1.452 1.488ab 1.653a 1.814ab 1.997ab 2.041 

L5 1.484 1.537a 1.650a 1.804ab 1.995ab 2.084 

L6 1.468 1.500ab 1.629ab 1.783ab 1.988ab 2.088 

L7 1.445 1.500ab 1.647ab 1.811ab 1.970ab 2.128 

L8 1.437 1.470ab 1.592ab 1.837a 2.023a 2.065 

SEM5 0.030 0.025 0.019 0.02 0.023 0.052 

P-value 0.430 0.053 0.002 0.014 0.048 0.603 

Genetic line 
Age (wk) 

0-4 0-7 0-10 0-13 0-16 0-19 

 ————————— (Experiment 1&2 comparison) ————————— 

L1 Exp 1  1.421 1.476 1.687a 1.847a 2.080a 2.088ab 

L1 Exp 2 1.402 1.446 1.573c 1.768b 1.960b 2.019b 

L2 Exp 1 1.374 1.458 1.650ab 1.805ab 1.984b 2.181a 

L2 Exp 2 1.468 1.470 1.1605bc 1.787b 1.946b 2.081ab 

SEM6 0.046 0.017 0.013 0.011 0.018 0.038 

P-value 0.309 0.579 <0.0001 0.0004 <0.0001 0.014 
a,b,c,d Means within a column lacking a common superscript differ (P ≤ 0.05). 
1 Genetic line (L) with different numbers have different genetic characteristics and traits.  
2 Poults from genetic line one sourced from a commercial hatchery. 
3 Poults from genetic line two sourced from a commercial hatchery. 
4 Standard error of the mean; min of n=9 replicates and up to n=10, 6 degrees of freedom. 
5 Standard error of the mean; min of n=4 replicates and up to n=10, 4 degrees of freedom. 
6 Standard error of the mean; min of n=9 replicates for all treatments, 3 degrees of freedom. 
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Table 8. Poult source and genetic line1 effect on male turkey carcass and parts yield (kg) 

Poult 

source 
BW2 CCY3  MAJ4 MIN5 TOT6 Wings TG7 Legs FR8 

 ————————— (Experiment 1) ————————— 

L1 19.76 34.91 9.21 1.79 11.23 3.60 5.66 4.26 4.55 

L2 19.75 35.29 9.32 1.75 11.34 3.60 5.72 4.37 4.54 

L3 19.73 35.26 9.37 1.78 11.40 3.58 5.61 4.31 4.45 

L1H9 19.70 34.92 9.24 1.78 11.26 3.63 5.63 4.25 4.42 

L2H10 19.42 34.48 9.10 1.75 11.08 3.50 5.59 4.26 4.45 

SEM 0.35 0.43 0.18 0.02 0.20 0.03 0.09 0.08 0.07 

P-value 0.87 0.61 0.75 0.63 0.72 0.10 0.82 0.74 0.48 
 ————————— (Experiment 2) ————————— 

L1 21.50ab 16.98ab 4.46bc 0.83b 5.41bc 1.71ab 2.76ab 2.07ab 2.15 

L2 22.02a 17.28a 4.72a 0.89a 5.75a 1.76a 2.79ab 2.08a 2.15 

L4 21.42ab 16.85ab 4.39ab 0.86ab 5.70ab 1.65b 2.67bc 1.99bc 2.08 

L5 20.59b 16.21b 4.42c 0.78b 5.32c 1.68b 2.58c 1.93c 2.07 

L6 20.86b 16.56ab 4.51b 0.82b 5.35c 1.63b 2.68bc 2.00bc 2.13 

L7 20.95ab 16.61ab 4.61bc 0.86ab 5.49abc 1.66b 2.62c 2.00bc 2.07 

L8 21.59ab 16.86ab 4.77abc 0.87ab 5.60abc 1.76a  2.82a 2.12a 2.15 

SEM 0.26 0.48 0.10 0.16 0.11 0.02 0.05 0.03 0.03 

P-value 0.02 0.03 0.04 0.04 0.04 0.001 0.04 0.01 0.06 

 ———————— (Experiment 1&2 comparison) ——————— 

L1 Exp 1  19.78b 15.88c 4.19b 0.82 5.11b 1.64b 2.58b 1.94b 2.05b 

L1 Exp 2 21.54a 17.02ab 4.50a 0.83 5.44ab 1.71ª 2.76a 2.07a 2.15a 

L2 Exp 1 19.85b 16.08b 4.28b 0.8 5.21b 1.63b 2.60ab 1.99ab 2.06b 

L2 Exp 2 21.84a 17.28ab 4.79a 0.9 5.79ab 1.76a 2.78a 2.06a 2.15a 

SEM 0.45 0.24 0.10 0.01 0.10 0.02 0.05 0.04 0.03 

P-value 0.02 0.01 0.01 0.27 0.004 0.001 0.02 0.08 0.05 
a,b,c,d Means within a column lacking a common superscript differ (P ≤ 0.05). 
1 Genetic line (L) with different numbers have different genetic characteristics and traits.  
2 Mean body weight of processed birds. 
3 Cold Carcass yield. 
4 Major Breast with no skin. 
5 Minor Breast. 
6 Total minor and major breast weight. 
7 Thighs. 
8 Frame weight. 
9 Poults from genetic line one sourced from a commercial hatchery. 
10 Poults from genetic line two sourced from a commercial hatchery.  
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Table 9. Poult source and genetic line1 effect on male turkey carcass and parts yield (%) 

Poult source CCY2 MAJ3 MIN4 TOT5 Wings TG6 Legs FR7 
 ————————— (Experiment 1) ————————— 

L1 80.67 26.38 5.17 32.15 10.33 16.21 12.23 12.96 

L2 81.10 26.34 4.95 32.11 10.18 16.12 12.40 12.78 

L3 81.26 26.67 5.07 32.42 10.20 15.92 12.20 12.68 

L1H8 80.53 26.46 5.08 32.28 10.42 16.08 12.20 12.72 

L2H9 80.64 26.33 5.11 32.10 10.16 16.17 12.37 12.93 

SEM 0.66 0.25 0.06 0.29 0.09 0.12 0.09 0.33 

P-value 0.58 0.87 0.26 0.91 0.15 0.43 0.32 0.20 

Genetic Line CCY2 MAJ3 MIN4 TOT5 Wings TG6 Legs FR7 
 ————————— (Experiment 2) ————————— 

L1 78.92 26.32c 4.88 31.82b 10.07 16.34 12.16 12.70 

L2 78.66 27.57ab 5.16 33.27ab 10.15 16.11 11.93 12.57 

L4 78.70 28.00a 5.15 33.82a 9.88 15.84 11.79 12.38 

L5 78.72 27.05abc 5.12 32.85ab 10.16 15.93 11.89 12.82 

L6 79.46 26.72bc 4.98 32.31b 10.14 16.16 12.04 12.91 

L7 79.37 27.06abc 5.17 32.98ab 9.86 15.80 12.00 12.50 

L8 79.35 26.94abc 5.12 32.67ab 10.25 16.36 12.33 12.54 

SEM 0.39 0.29 0.08 0.36 0.11 0.15 0.12 0.22 

P-value 0.58 0.01 0.14 0.01 0.14 0.10 0.09 0.22 

Genetic Line CCY2 MAJ3 MIN4 TOT5 Wings TG6 Legs FR7 

 ————————— (Experiment 1&2 comparison) ————————— 

L1 Exp 1  80.52 26.32b 5.13 32.10b 10.36 16.25 12.20 12.95 

L1 Exp 2 79.06 26.40ab 4.9 31.91b 10.01 16.22 12.10 12.63 

L2 Exp 1 81.51 26.36ab 4.96 32.08b 10.16 16.21 12.40 12.75 

L2 Exp 2 78.51 27.65a 5.18 33.43a 10.01 16.03 11.90 12.85 

SEM 0.81 0.28 0.06 0.28 0.80 0.13 0.10 0.17 

P-value 0.10 0.045 0.06 0.03 0.90 0.78 0.15 0.09 
a,b,c,d Means within a column lacking a common superscript differ (P ≤ 0.05). 
1 Genetic line (L) with different numbers have different genetic characteristics and traits.  
2 Cold Carcass yield. 
3 Major Breast with no skin. 
4 Minor Breast. 
5 Total minor and major breast weight. 
6 Thighs. 
7 Frame weight. 
8 Poults from genetic line one sourced from a commercial hatchery. 
9 Poults from genetic line two sourced from a commercial hatchery. 
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Validation, improvement, and data mining of machine learning predicting models of 

Large White male turkey body weight. 

 

ABSTRACT 

Validation of models is as important as creating the model. Improving the model 

comes next by collecting more data.  This process is expensive as the experiments have to 

have the same experimental design. Machine learning (ML) allows validation models by 

measuring common variables between data sets, previously considered a treatment in other 

data sets. The ML tools also allow the researcher to improve the previous model, with the 

new data collected and data-mine more patterns. This current effort aimed to validate, 

improve, and data-mine previous classification and regression models built to predict Large 

White male turkey body weight (BW). The performance, environmental, and microbiome 

data sets from two experiments were used to validate, improve, and data-mine new data 

patterns. Three data sets were used to count the original data set used to build the original 

models. Bird BW, gut pH, cloacal temperature, corn particle size, mineral source, genetic 

lines, microbiome taxa, and others were used as variables for the nominal and numeric ML 

analysis. A total of 279 variables were used in ML and DM analysis. The WEKA 3.8.5 

Experimenter tool used various Classification and regression algorithms with a 10-fold cross-

validation system to predict 18 wk BW. The validation of the model yielded a correlation of 

0.59 and a Root Mean Square Error (RMSE) of 1.03 when all three data sets were inputted. 

The random forest algorithm built the highest performance models for both regression and 

classification, but the interpretation was limited. The M5' algorithm made the most 

interpretable and practical model, from 4 models constructed, with a correlation of 0.81 and 
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an RMSE of 0.58. The genetic line, rearing season, BW at 5 and 14 wk, were data mined as 

the most vital performance attributes. Twelve microbiome organisms were considered as 

containing valuable information to predict BW. However, two stand out by being considered 

into models. This variable should be studied further. In conclusion, BW prediction models 

were validated, improved, and data-mined. The work should continue by adding more data to 

validate even further the improved and future models. 
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INTRODUCTION 

Models are built with collected data for a population (experiment) to predict a phenomenon. 

However, the same experiment is rarely replicated for a model to be validated. There could 

be a solution with Machine Learning (ML) models. In contrast to procedures in statistics, 

ML algorithms allow the user to input more variables than observations. Thus, experiments 

with known variables can be added to previous experiments that have the same variables. 

The researcher must only add the treatment values for each experiment as a variable known 

for all experiments. The researcher has the critical task to filter the data, deal with missing 

values, and with normalization of the data sets to properly validate and create new models 

(Witten et al., 2016b), as the researcher knows the data and the question that he/she wants to 

answer. As an example, an experiment can have different mineral sources (organic and 

inorganic). The only requirement to add another data set for ML is to know the new 

experiment’s mineral source. The addition of different experiments creates an opportunity to 

design experiments with different attributes, creating new models and more patterns to mine 

from the data.  

This paper's first hypothesis is that the regression model built by Flores et al. (2021b) 

will be performed with a lower correlation and higher error when tested on another 

experiment data set. The second hypothesis is that filtering and merging new data sets to the 

original data set used by Flores et al. (2021b) will increase the performance and decrease a 

new model's error. Consequently, one objective of the paper herein paper is to validate the 

ML regression model proposed by Flores et al. (2021b) with newly collected data collected 

by Flores and Grimes (2021). A second objective is to improve the ML classification and 

regression models proposed by Flores et al. (2021b) by adding the data sets collected by 
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Flores and Grimes (2021). A third objective would be to data-mine the new data set for 

performance, environmental, and microbiome patterns that have vital information on the 

bodyweight of Large White male turkeys at 18 wk of age.  

 

MATERIALS AND METHODS 

Data sources and experimental design. Three different experiments were used as the 

data sources for the paper herein. The first experiment data set (Flores et al., 2021a) was used 

to determine the ML methodology and created the BW prediction model to be validated  

(Flores et al., 2021b). However, three replicates were added for the validation data set that 

were not used to train the model. Flores and Grimes (2021) provided the second and third 

data sets and validated the aforementioned model. All three data sets were then combined to 

improve the previous model or to create a new one. All experiments provided corn particle 

size, mineral source, genetic lines, cloacal temperature, gut pH, the season of the year, and 

microbiome data collected from animals at 5 wk of age. The litter and bone content of Zn and 

Mn were variables (attributes) not represented in this validation and improvement paper but 

used in work done by Flores et al. (2021b). 

 There was a week difference in performance values between the first experiments 

and the other two experiments. The BW data were collected at 5, 8, 11, 14, and 18 wk for the 

first experiment and at 4, 5, 7, 10, 13, 16, 18, and 19 wk for the second one. Thus, a 

correction for 14 wk or 13 wk BW based on the mean daily BWG of each treatment was 

done to validate the model that uses the 14 wk BW or create a new model with data for 13 

wk BW.  
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The experimental design from the first experiment (Flores et al., 2021a) was a 

completely randomized block design with a 2 × 2 factorial arrangement of 2 levels of corn 

particle size and two sources of mineral sources in the feed. Flores and Grimes (2021) 

described the experimental design for the other two experiments. They both were completely 

randomized block designs with a one-factor arrangement (poult source), or genetic lines were 

used—a total of five sets of poults with three genetic lines for the second experiment. A 

comparison of seven genetic lines was made in the third experiment.  

Microbiome, gut pH, and cloaca temperature dataset origin.  The variables were 

measured or extracted with the same methodology through all three experiments as 

previously described (Flores et al., 2021b). Three random birds per pen were sampled for the 

cecal microbiome at five wk of age. For each of these sampled birds, BW was measured on a 

digital scale (A&D Company, AND HW-10KGL, San Jose, CA), and the cloacal temperature 

was recorded using a Walgreens 10 Second Flex-Tip Digital Thermometer (Walgreens CO., 

Deerfield, IL). Each bird was then was euthanized, and one of the ceca was dissected at the 

ileal-cecal junction placed immediately in a sterile bag on dry ice until storage at -80 °C until 

they were sent for DNA isolation and sequencing (Department of Food Science, Center for 

Food Safety, University of Arkansas, Fayetteville AR). The Qiime2 software, version 2021.2 

(Bolyen et al., 2019), and the pre-trained classifier (Bokulich et al., 2018) were used for the 

taxonomy classification with the database Silva 138 (16S/18S rRNA) (Quast et al., 2012). 

The taxonomy dataset yield by this process was used for the ML methodology. The 

taxonomy dataset was comprised of microorganisms organized by a pen of birds with a mean 

number of organisms detected in that pen.                                                                      
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One turkey was randomly selected per pen for intestinal tract pH measurements 

(Oakton pH Spear waterproof Pocket pH TesterTM, OAKTON Instruments, Vernon Hills, IL 

USA 60061). Calibration of the equipment was done once per block of 12 pens during the 

measurement period. An incision and measurements were made at the duodenal loop, the 

jejunum (2 inches proximal to the Meckel's diverticulum), the ileum (2 inches Distal to the 

Meckel's diverticulum), and at the cecum. Readings were conducted as soon as each bird was 

euthanized. 

Machine learning model validation by testing new data sets. The Explorer tool from 

WEKA was used to validate the previous model created by Flores et al. (2021b), where the 

regression model for BW was solved as follows. 

𝑀𝑜𝑑𝑒𝑙 𝑡𝑜 𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑒.  18 𝑤𝑘 𝐵𝑊 (𝑘𝑔) = 1.2089 ∗ 14𝑤𝑘 𝐵𝑊 (𝑘𝑔) + 4.4725 

The above model and test data sets were loaded into the classification option of the 

explorer tool. The data sets used to validate the model was a measured BW at 14 wk (Flores 

et al., 2021a) or a calculated BW value from each specific measured pen BW at 13 wk and its 

daily BWG (Flores and Grimes, 2021). All data sets had measured BW at 18 wk on a digital 

scale (A&D Company, AND HV-200KGL, San Jose, CA). The model was validated with 

each data set individually (48 replicates or instances) and all together (144 replicates or 

instances). 

Machine learning model improvement by adding data sets. The methodology 

described by Flores et al. (2021b) was used when using Waikato Environment for 

Knowledge Analysis (WEKA) version 3.8.4 (Witten et al., 2016a; Witten et al., 2016b; 

Bokulich et al., 2018) to analyze the data sets to predict BW. The data was organized, 

filtered, fitted to an algorithm, run through a negative control, and then data mined.  
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The data set for improvement were divided into two sets. The first data set, 

"Performance," consisted of performance and environmental, containing 20 attributes 

(variables). This data set contained 144 instances. However, the gut pH variable contained 

four missing values. These were values that were not measured in two instances. Three 

unsupervised filters provided by the WEKA explorer were used to curate the data set to deal 

with missing values. The first used filter was the "clean numeric value" filter, which allows 

the recognition of missing values in the data set. The second filter used was the "replace the 

missing value," which inserts the modes and means into the missing value. Lastly, the 

"remove missing value" filter was used to remove the whole instances that had a missing 

value, thus yielding a data set of 142 instances. All three filtered data files were used to 

determine a high-performance, replicable, and interpretable model. 

The second "Microbiome" data set included performance, environmental data, and the 

microbiome's taxonomy with 279 attributes (variables). All three experiments, including the 

data set from experiment one, microbiome data were organized together and taxonomically 

analyzed in Qiime2 to yield the taxonomy data. This data set only had 89 instances out of the 

144 possible instances. This is because of the loss of samples, samples not being sequenced, 

or duplicates. This data set was used to data-mine vital microorganisms to predict BW.  

Both the performance and microbiome data set was analyzed twice: once for a 

categorical (nominal) model and once for a regression (numeric) model. The algorithms 

assessed were different depending on the type of prediction. For BW prediction based on 

classification, some of the algorithms used were: J48 (C4.5), Random Forest, Naive Bayes, 

Sequential Minimal Optimization of support vector machines (SMO), and multilayered 

perceptron artificial neural networks. A total of 59 different algorithms or algorithm setups 
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were used in this comparison. For the prediction of BW based on continuous data, some of 

the algorithms used were linear regression, neural networks, K-nearest neighbor (IBK), 

Random Forest, and M5'. A total of 41 different regression algorithms or algorithm options 

were used in this contrast.   

The experimenter tool was first used to contrast and compare the different algorithms 

statistically. Then Experimenter tool was used to build the fitted models and negative 

controls for both the regression and classification algorithms. The WEKA Explorer tool was 

used for the extraction of the new and improved model. 

Data mining of microbiome and performance. The WEKA Explorer tool was used, 

as described by Flores et al. (2021b) to extract patterns via select attributes algorithms. 

Common attributes of both the regression and classification models were selected and 

extracted as patterns in the dataset. A literature review of the selected attributes was 

conducted to answer why these attributes contributed information to the models to predict 

BW.  As described by Flores et al. (2021b), Qiime2 was also used to collect information 

about the data mined microorganism taxonomy attributes. The taxonomy name was 

backtracked to its sequences. For every sequence, there is one organism involved. Each 

sequence has a hyperlink that links it to the National Center for Biotechnology Information 

(NCBI) Basic Local Alignment Search Tool (BLAST) nucleotide database. The organism 

selection was based on a percentage of nucleotide match to the NCBI database, linkage to a 

production animal, and the accession identification matching the SILVA database. The 

microbial taxonomic data set used for the work herein was accomplished with the SILVA 

database.   
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RESULTS 

Machine learning model validation by testing new data sets. The model that was 

validated in the paper herein and described by Flores et al. (2021b)  is as follows. 

𝑀𝑜𝑑𝑒𝑙 𝑡𝑜 𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑒.  18 𝑤𝑘 𝐵𝑊 (𝑘𝑔) = 1.2089 ∗ 14𝑤𝑘 𝐵𝑊 (𝑘𝑔) + 4.4725 

When it was initially built, the model yielded a 0.73 correlation and an RMSE of 0.26 

(Flores et al., 2021b). However, when tested on its trained data plus three new instances, it 

yielded a correlation of 0.80 and an RMSE of 0.27. When the model was tested with the new 

data, it yielded a 0.75 and 0.61 correlation with an RMSE of 1.59 and 0.62. When all three 

data sets were added, the model yielded a correlation of 0.59 and an RMSE of 1.03 (Figures 

1 and 2). The difference between the observed and predicted values is represented as a 

boxplot in Figure 3, where the second and third experiments have a higher range than the 

first experiment.  

Machine learning model improvement by adding data sets regression. The data set 

with the highest prediction value and the lowest error for regression was the dataset 

containing the microbiome, performance, and environmental values. The random forest 

algorithm achieved with this data set (89 instances) a 0.84 correlation and a 0.57 Root Mean 

Square Error (RMSE). The model is not available to the user to be displayed. It is available 

as a WEKA model for future validation and usage. A copy of the WEKA model file can be 

asked of the authors of the paper herein.   

The M5' model has been improved and is proposed as a replacement to the random 

forest model described above. The performance and environmental data set, in which missing 

values were replaced with the mean or mode, was used to improve the model (144 instances). 

It yielded a correlation (0.81) and RMSE (0.58) that is statistically similar (P≤0.05) when 
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compared to the random forest model. More importantly, it increases practical usage and has 

higher interpretability. The new model will be designated as "improved regression model" 

and is proposed as follows: 

𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑑 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑀𝑜𝑑𝑒𝑙.  18 𝑤𝑘 𝐵𝑊 (𝑘𝑔)

= 0.3759 ∗ (𝐺𝑒𝑛𝑒𝑡𝑖𝑐 𝑙𝑖𝑛𝑒 = 𝐿2, 𝐿4, 𝐿7, 𝐿8) + 0.9872 ∗  (𝑆𝑒𝑎𝑠𝑜𝑛 = 𝐹𝑎𝑙𝑙)

+ 0.4334 ∗ 5 𝑤𝑘 𝐵𝑊 (𝑘𝑔) + 1.0555 ∗ 14𝑤𝑘 𝐵𝑊 (𝑘𝑔) + 4.1941 

Where the genetic lines (L2, L4, L7, L8) are described and discussed previously by 

Flores and Grimes (2021), the season is the rearing season, spring (January to May), and Fall 

(August to December). The genetic lines L2, L4, L7, and L8, and the fall season have a value 

of 1. Genetic lines L1, L3, L5 and L6, and the spring season have a value of 0. The 

correlation and RMSE values are statistically higher and lower (P ≤ 0.05) than the negative 

control (random chance) classification model. The negative yielded a mean correlation of 

0.03 and an RMSE of 1.02 (Figure 4). This is also true compared to the baseline ZeroR 

algorithm, which yielded a mean correlation of 0.00 and an RMSE of 1.00. Four attributes 

were found to build the regression model that yielded the 0.81 correlation and 0.58 RMSE 

mentioned above (Figure 5 and 6). 

A third model is proposed that has a lower correlation and RMSE but uses 5 wk data 

to predict 18 wk BW. This model was built with the M5' algorithm with a correlation of 0.68 

and an RMSE of 0.74 (Figure 7). The model has three steps. The first is to determine if the 

BW at 5 wk is lower or higher than 1.558 kg. If the BW is lower or equal to 1.558 kg, the 

following equation must be used (Figure 7).  
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𝐿𝑀1 𝑀𝑜𝑑𝑒𝑙.  18 𝑤𝑘 𝐵𝑊 (𝑘𝑔)

= 0.0675 ∗ (𝐺𝑒𝑛𝑒𝑡𝑖𝑐 𝑙𝑖𝑛𝑒 = 𝐿2) + 0.1911(𝑆𝑒𝑎𝑠𝑜𝑛 = 𝐹𝑎𝑙𝑙) + 0.5882

∗ 5 𝑤𝑘 𝐵𝑊 (𝑘𝑔) + 17.6193 

If the BW at 5wk is higher than 1.588 kg, then the following equation must be used (Figure 

7).  

𝐿𝑀2 𝑀𝑜𝑑𝑒𝑙.  18 𝑤𝑘 𝐵𝑊 (𝑘𝑔)

= 0.5041 ∗ (𝐺𝑒𝑛𝑒𝑡𝑖𝑐 𝑙𝑖𝑛𝑒 = 𝐿2) + 0.4716(𝑆𝑒𝑎𝑠𝑜𝑛 = 𝐹𝑎𝑙𝑙) + 0.7969

∗ 5 𝑤𝑘 𝐵𝑊 (𝑘𝑔) + 17.9024 

 

Machine learning model improvement by adding data sets classification. The lazy K 

Star classification algorithm achieved the highest correlation and RMSE when classifying the 

numeric BW into low, objective, or high BW. It achieved a correlation of 0.84 with an 

RMSE of 0.31 with the performance and environmental data set in which missing values 

were replaced with the mean or used to improve the model (144 instances). The model is not 

available to be displayed to the user. A copy of the WEKA model file can be requested from 

the authors of the herein paper. 

The authors propose a statistically similar (P≤0.05) correlation and RMSE model to 

increase practicability and interpretation of the results. The model proposed improves the 

classification model built with J 48 (C4.5) by Flores et al. (2021b). The improved model built 

with the J48 algorithm with five minimum instances per leaf has a correlation of 0.81 and an 

RMSE of 0.31 (Figure 8). These values are statistically higher (P ≤ 0.05) than the negative 

control (random chance) classification model; it yielded a mean correlation of 0.68 and an 

RMSE of 0.40 (Figure 9). This is also true compared to the baseline ZeroR algorithm, which 
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yielded a mean correlation of 0.68 and an RMSE of 0.40. Three attributes were found to 

build the model that yielded the correlation and RMSE mentioned above (Figure 10 and 11). 

A model was utilizing only 5 wk. Data that are not statistically different on correlation (0.80) 

and RMSE (0.33) from the other two models (P<0.05) is also displayed in figure 12. 

Data mining of performance and environmental.  The performance and 

environmental attributes (variables) critical for both the classification and regression 

algorithms were rearing seasons (spring or fall) and BW at 5 and 14 wk. These were used to 

build the highest correlation and lowest RMSE models described in the herein paper. 

However, the regression model needs the genetic line information to predict BW.  The user 

determined all four attributes as critical to determining BW at 18 wk and were mined from 

the performance data set (144 instances). 

 Data mining of microbiome attributes. The data mining microorganism came from 

the performance plus microbiome data set (89 instances). A total of 12 microorganisms were 

selected as sources of information to predict numeric BW at 18wk. From those 

microorganisms, two were part of M5' models and have been identified in poultry. These 

were identified as Butyricicoccus pullicaecorum (accession number NR044490) and as an 

uncultured species of the Harryflintia genus (accession number FJ440077.1). It can be 

inferred from the regression models built with these two organisms that the addition of their 

observed features has a positive relationship while predicting 18 wk BW. The rest of the 

organism mined accession number is presented in table 1. 
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DISCUSSION 

The proposed model (Flores et al., 2021b) was validated with the other two experiments BW 

data sets provided by Flores and Grimes (2021). This validation was challenging as the BW 

at 14 wk was not available and had to be calculated with each specific pen BW at 13 wk and 

its daily BWG. This calculation could increase the error of the validation of the model.  In 

future research, the BW has to be measured equally on all experiments. Alternative to the 

BWG calculation a growth curve model could reduce the errror.  

When the model was used to predict the observed BW of the third experiment at 18, it 

yielded a respectable 0.61 correlation an RMSE of 0.62. The correlation could be considered 

lower than the correlation value yielded by the second experiment of 0.75. However, the 

second experiment yielded an RMSE of 1.59, which decreases the predicted values' 

confidence.  Flores and Grimes (2021) observed a statistical difference in BW depending on 

the experiments when the genetic lines studied were the same. The second experiment was 

conducted in spring, and heat stress could be the reason for lower body weight when 

compared to the same genetic lines raised in the third experiment in the fall. 

It should be noted that the model was developed with a flock raised in the fall, which is 

heavier than its spring counterpart (Flores and Grimes, 2021). The first experiment's BW was 

higher than the second flock by an average of 1.60 kg but only heavier than the third 

experiment by 0.42 kg when comparing the same strain of birds fed control corn particle size 

and mineral source. Thus, when the model is predicting lower BW flocks raised in the spring, 

the RMSE increases. Then it is safe to assume that the model proposed by (Flores et al., 

2021b) overestimates lower observed BW values. New information and new data sets were 

included in the herein paper through ML to improve such a model.   
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Improving both the classification and regression models (Flores et al., 2021b) yielded 

four models, two models for regression and two classification models. Both sets predict BW 

with 14 or 5 wk of age attributes (variables). No microbiome data was used as attributes used 

in the search for a practical and readable model. The two main reasons were the repeatability 

of the attribute in other flocks and the cost of time and resources when analyzing the 

microbiome. Moreover, all experiments had performance and environmental attributes, but 

not all had a microbiome associated with them. Consequently, the number of instances 

reduced from 144 possible to 89.  However, no difficulties were found when filtering the data 

to achieve a high-performance correlation in both the classification and regression models. 

The highest performance models built of the regression and classification data sets 

were built with the random forest algorithm. However, the interpretability of these models is 

minimal because of the nature of the algorithm. Breiman (2001) defines the algorithm as 

"Random forests are a combination of tree predictors such that each tree depends on the 

values of a random vector sampled independently and with the same distribution for all trees 

in the forest.” No model can be printed off the yielded model in the paper herein; however, 

the authors can share a file with the model configuration. Interpretability of ML techniques, 

algorithms, processes, and models is often an issue that can create mistrust (Haddouchi and 

Berrado, 2018). The term "black box" is often used with the ML process (Liu et al., 2020). 

This term is used because of the lack of knowledge of what is going behind the scenes of 

ML. How can we increase the interpretability of the ML models in this paper? This could be 

done by choosing other algorithms that yielded statically similar performance than random 

forest. Even though the Random Forest algorithm yielded the highest correlation and error, 

other algorithms were used to increase interpretability.  
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For BW classification into nominal values, the J48 (C4.5) (Quinlan, 2014)  algorithm 

was used and yielded two decision trees that predict 18 wk BW with the 5 or 14 wk data. The 

J48 algorithm was used to increase the ML analysis and process's interpretability with no 

statistical difference to the random forest model. Both models yielded a lower correlation 

(0.80 and 0.81) and higher RMSE (0.33) when compared to the correlation (0.89) and RMSE 

(0.26) of the classification model as previously described (Flores et al., 2021b). A reliable 

classification model was possible in the paper herein because of the inclusion of data points 

with birds classified as low BW. This nominally raised the complexity by predicting three 

nominal values instead of the two achieved previously (Flores et al., 2021b). Thus, increasing 

the knowledge gained over the random chance to 47% (80%-33% (a random chance of 

choosing between three variables); where the knowledge gained of the model described by 

Flores et al. (2021b) was only 39% (89 % - 50% (a random chance of choosing between two 

options). Both the model with 14 and 5 wk old data have to be validated in the future with 

more data. However, higher confidence is granted to these models to predict turkeys BW as a 

nominal value than the model previously described (Flores et al., 2021b).  

To improved model was built with the M5' algorithm to increase the interpretability 

and no statistically different performance to the random forest model. The M5 algorithm was 

developed by Quinlan (1992) and was optimized to M5' by Wang and Witten (1996). The 

improved regression model using 14 wk data has a higher correlation (0.81) and RMSE 

(0.58) than the regression model presented by Flores et al. (2021b) that yielded a correlation 

of (0.73) and an RMSE of (0.26). The addition of data and instances can explain the increase 

in error and correlation. The improved model used the same data (Flores et al., 2021b) plus 

two more data sets (Flores and Grimes, 2021). This makes the improved model a well-
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rounded model that has been tested on at least three flocks. The caution has to be exercised 

with the regression model that uses 5 wk data. This model has two equations. One of them 

has a correlation of  0.80 and the other a correlation of 0.57, making the overall correlation 

0.69. The RMSE of this model is 0.16 higher than the improved model using 14 wk data. A 

reliable model at this rearing age would be invaluable to the turkey industry because this is 

the age where birds are moved from brooder houses to grow-out houses. More data could 

make a prediction of 18 wk BW with 5 wk data a reality for producers that want to know 

how a flock coming from the brooder house would perform. 

Two data sets were used in this paper. The first one had 144 instances with 

performance and environmental data and was responsible for the above models. The 

attributes that were data mined from this data set were the genetic lines, the season of rearing, 

BW at 5 and 4 wk, and Zn and Mn mineral source. The genetic lines used in this experiment 

are previously discussed (Flores and Grimes, 2021). The genetic lines' information is critical 

for the model as the genetic lines determine the growth curves and secondary adverse effects 

that affect BW specific to the flock. Most companies are using a rapid growth strategy that 

causes muscle abnormalities (Anthony, 1998), increase in adverse effect recessive alleles 

(Hocking, 2014), and lower immune response (Bayyari et al., 1997), affecting animal welfare 

and consumer approval (Hafez and Shehata, 2021).  A substantial part of the poultry 

industry's achievement has been proprietary genetic material (Tixier-Boichard et al., 2009). 

This condition applies to this paper, where information about the genetic lines' commercial 

names cannot be shared.  

The rearing season affected the predicted BW. The fall flocks for the data sets were 

statistically higher at market age than the spring data set (Flores and Grimes, 2021). One 
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explanation for the difference in performance is the heat stress at the end of production. Birds 

raised in spring experience warmer days by the end of production when summer days 

approach and grow heavier. Genetic selection for higher growth rates and improved FCR is 

detrimental when dealing with heat stress (Emmans and Kyriazakis, 2000; Yahav, 2000). 

Heat stress reduces voluntary feed intake, reduces BWG (Sahin et al., 2001), and produces 

oxidative stress (Akbarian et al., 2016). Genetic selection to reduce heat stress detrimental 

effects should be prioritized, especially with increased global temperatures (Kumar et al., 

2021). Another solution is the management of the environment with evaporative cooling 

houses. It is worth noting that these models were developed from turkeys reared in curtain-

sided houses. The rearing season's effect should also be studied for environmentally control 

houses that reduce the effect of heat stress on birds raised in the spring.  

The Zn and Mn mineral source were vital to the classification model at 5 wk of age. It 

was not selected for other classification or regression models. When fed the Zn and Mn, an 

organic source of Zn and Mn birds had a statistically higher BW at 18 than their inorganic 

mineral source counterpart (Flores et al., 2021a). It is important to remember that  Zn is a 

crucial mineral for disease control, reproduction, growth, nutrient metabolism, immune 

system, and also serves an antioxidant role (McDowell, 2003; Park et al., 2004; Suttle, 2010; 

Naz et al., 2016; Abd El-Hack et al., 2017).  Manganese is required for reproduction, cell 

composition, antioxidant systems, bone growth, nervous system function, and nutrient 

metabolism (Suttle, 2010; Jankowski et al., 2018; Ognik et al., 2019). A case to increase 

research on the bioavailability of Zn and Mn has been made using the statistical analysis 

done by Flores et al. (2021a), the importance of  Mn litter residues for 18 wk BW (Flores et 

al., 2021b), and ML analysis offered by the herein paper. This case is especially true when 
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most of the base of the knowledge of these minerals was done in the late 1930s (Schaible et 

al., 1938; Wilgus and Patton, 1939; Wilgus Jr et al., 1939), and excessive dietary 

supplementation of inorganic minerals results in increased environmental emissions (Bao et 

al., 2007; Bao and Choct, 2009; Ao and Pierce, 2013; Bratz et al., 2013; Singh et al., 2014; 

Singh et al., 2015; Jankowski et al., 2019b; Jankowski et al., 2019c; Bortoluzzi et al., 2020; 

Patra and Lalhriatpuii, 2020). 

The second data set used in the herein paper contained the microbiome data collected 

at 5 wk of age. This data set only had 89 instances out of the possible 144. There was a 

difference in the instance because of a curation of the data set that contained duplicates, 

sequences with no information, missing values, and lost samples. This data set yielded 

statistically similar correlations and RMSE models as compared to models from the first data 

set discussed above. The models were developed with the random forest algorithm. The 

regression model yielded a 0.84 correlation with an RMSE of 0.57. The classification model 

a correlation of 0.80 with an RMSE of 0.33. No models are displayed in the herein paper for 

this data set as it reduced interpretability, repeatability, and practicability while increasing 

cost and the time to analyze microbiome samples. The models displayed in this paper achieve 

the same performance while being interpretable and more practical while being backed up by 

more instances. This data set was primarily used to determine the importance of 

microorganisms on the prediction of 18 wk BW 

The author's data-mined 12 different organisms that had information relevant to 

predict 18 wk BW. None of them matched the proposed organism by Flores et al. (2021b). 

Even when this analysis included the data from Flores et al. (2021b), two of the 12 identified 

organisms were used in M5' model regression models and focused on this discussion.  
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The first is an uncultured species of the Harryflintia genus with an accession number 

FJ440077. It is observed in the regression model built (not displayed) that an increase in the 

observed features at 5 wk of this organism increases the BW at 18. This organism was 

identified and submitted to the NCBI database by Scupham et al. (2010). Petzoldt et al. 

(2016) were able to identify another species of this genus (Harryflintia acetispora gen. nov., 

sp. nov) in the chicken cecum and traced the genus the Clostridum cluster IV.  Organisms in 

the Clostridium cluster IV (also referred to as Clostridium leptum group) are considered strict 

extremophile anaerobes (Lopetuso et al., 2013). Clostridia are found in high numbers in the 

gut. Most of them are commensal and have a positive interaction with the human metabolic 

and immune systems by releasing butyrate (Lopetuso et al., 2013). More research has to be 

done with the specific species of the Harryflintia genus (accession number FJ440077) to 

determine if it produces butyrate. However, the second organism that was mined in the data 

has already indications that it produces butyrate. 

The second organism is Butyricicoccus pullicaecorum with an accession number of 

NR044490 and submitted to the NCBI database by Eeckhaut et al. (2008). The author 

isolated the organism from the cecal content of 4wk old broilers. This anaerobic gram-

positive organism produces butyrate in M2CGSC broth (Miyazaki et al., 1997) and using the 

methodology described by (Barcenilla et al., 2000).  The 18 BW is increased when there is a 

higher observed feature at 5 wk of this organism. This could be by producing butyrate.  

Butyrate can be added into the feed as butyric acid or sodium butyrate in a coated or 

non-coated forms (Ahsan et al., 2016). The sodium butyrate is converted to butyric acid 

when ingested and released into the lower gut when coated (Ahsan et al., 2016; Elnesr et al., 

2020). It has been proposed as a potential antibiotic growth promotor replacement to increase 
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performance (Leeson et al., 2005). A coated version of butyric acid decreases Salmonella 

levels in broilers (Van Immerseel et al., 2005). Butyric acid enters the bacterial cell wall 

through diffusion and creates toxicity in the cytoplasm. Its effects increase Lactobacilli and 

Bifidobacteria spp's production that compete with pathogens and produce bactericidal 

substances (Ahsan et al., 2016; Elnesr et al., 2020). Sodium butyrate inhibits pathogens' 

growth by cytoplasm toxicity and promotes beneficial bacteria that increase competitive 

inhibition. It has been reviewed by Elnesr et al. (2020) that the addition of sodium butyrate to 

the feed increases villus height at the duodenum, jejunum, and ileum. Its effects on the 

immune system are not yet comprehended (Ahsan et al., 2016). More research has to be done 

on the production of butyrate by Butyricicoccus pullicaecorum in the ceca and its effect on 

pathogen control, nutritional value, and overall performance. 

In conclusion, the regression model to predict male turkey BW described by Flores et 

al. (2021b) has been validated with two data sets. New and improved ML models have been 

built based on three data sets.  The genetic lines, rearing season, and Zn and Mn sources are 

as crucial as BW at 5 and 14 wk to predict 18 wk BW. Twelve bacteria have critical 

information to predict BW at 18 wk. Where Butyricicoccus pullicaecorum is the focus of this 

paper by being part of a model and shown to produce butyrate, an antibiotic growth promoter 

alternative, all models in the herein paper need to be validated in the future, more data should 

be added to the authors' database to continue the data mining of patterns in the data.  
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Figure 1.  The model predicted body weight (BW) at 18 wk values compared to the measured 

or observed values. The model uses BW at 14 wk to predict BW at 18 wk. The original 

model was developed by (Flores et al., 2021b) and had a correlation of 0.73 and an RMSE of 

0.27. The values for experiment 1 (EXP 1) were used to train the model; however, three 

replicates were added to the data set that was not used to train. It yielded a correlation of 0.80 

and a Root Mean Square Error (RMSE) of 0.27. The subsequent two experiments used a 

calculated 14 wk BW based on a 13 wk BW and daily BW gain. The correlation of the 

second experiment (EXP 2) was 0.75 with an RMSE of 1.59. While the third model 

correlated 0.61 with an RMSE of 0.62, outliers were observed and used to validate the 

model. Overall, the three data sets yield a correlation of 0.59 with an RMSE of 1.03.  
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Figure 2. The model predicted body weight (BW) at 18 wk values compared to the measured 

or observed values (Figure 1) represented as a boxplot. Outliers are included and were used 

for the validation of the model.  
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Figure 3. Boxplot representation of the difference in kg of the predicted and observed values. 

The "x" is the mean of the difference for each experiment (EXP) data set. The model was 

trained with the EXP 1 minus three replicates added to the validation data set. The other two 

data sets used calculated body weights (BW) at 14 wk to predict observed BW at 18 wk.     
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Figure 4. Bodyweight (BW) regression curve fitting. Attributes were eliminated as a possible 

part of the model to reduce variability. The M5 algorithm achieved the highest correlation 

(0.81) when four attributes (variables) were used as the only attribute to correlate to turkey's 

BW at 18 wk. The negative control (random chance), using the M5' algorithm in 10 

randomized BW data sets, only achieved a correlation of 0.03. Statistically lower than the 

correlation achieved by the M5' algorithm with the original data set (P<0.05).   
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Figure 5. Zoom-in of the performance of the M5' algorithm building regression models while 

reducing attributes available to it. When only four attributes are available, the M5' produces a 

model where the genetic line, rearing season (spring or fall), and the turkeys' body weight 

(BW) at 5 and 14 wk are used to predict BW at 18 wk of age with a 0.81 correlation value. 
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Figure 6. Reduction of the Root Mean Square Error (RMSE) by reducing the number of 

attributes available for the M5' Algorithm to build regression models. The lowest RMSE 

(0.58) with minor attributes was achievable when four attributes are available to the J48 

algorithm. The attributes are the genetic line, rearing season (spring or fall), and the turkeys' 

body weight (BW) at 5 and 14 wk. 
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Figure 7. Decision tree to decide which regression to apply when predicting 18 wk boy 

weight (BW) with 5 wk data. Where LM 1is a solved as:  18 wk BW (kg) = 0.0675*(Genetic 

line=L2) + 0.1911(Season=Fall) + 0.5882*5 wk BW (kg) + 17.6193. The LM 2 model is 

solved as 18 wk BW (kg) = 0.5041*(Genetic line=L2) + 0.4716(Season=Fall) + 0.7969*5 wk 

BW (kg) + 17.9024.  

M5’ body weight Regression decision tree with 5 wk data 
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Figure 8. Decision Tree built with the J48 (C4.5) algorithm. This decision tree yields a 

correlation of 0.81 and a Root Mean Square Mean Error (RMSE) of 0.31.  

  

J48 body weight classification prediction decision tree 
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Figure 9. Fitting of the curve of correctly classified bodyweight (BW) into nominal classes, 

low, objective, or high BW, by reducing the number of attributes. The negative control 

(random chance) is when the J48 was trained with 10 data sets of the BW's random 

classification. The highest negative control value achieved was a 0.68 correlation with a Root 

Mean Square Error (RMSE) of 0.40. The J48 classifier using the original data set achieved a 

statistically higher correlation (0.81) and lower RMSE (0.31) when compared to the negative 

control (P<0.05). The area under the red line is the random chance of choosing a randomized 

nominal class of BW within ten different data sets with a J48 Algorithm. The blue area is the 

edge over the random chance or knowledge gained over the random chance.  
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Figure 10. Zoom-in of the performance of the J48 algorithm building classification models 

while reducing attributes available to it. When only three attributes are available, the J48 

produces a model where the rearing season (spring or fall) and the turkeys' body weight 

(BW) at 5 and 14 wk are used to predict BW as low, objective, or high at 18 wk of age with a 

0.81 correlation or 81.38 correctly classified value.     
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Figure 101. Reduction of the Root Mean Square Error (RMSE) by reducing the number of 

attributes available for the J48 algorithm to build regression models. The lowest RMSE 

(0.31) with the least attributes was achievable when three attributes are available to the J48 

algorithm. The attributes are the rearing season (spring or fall) and the turkeys' body weight 

(BW) at 5 and 14 wk. 
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Figure 12. Decision Tree built with the J48 (C4.5) algorithm. This decision tree yields a 

correlation of 0.80 and a Root Mean Square Mean Error (RMSE) of 0.33 using data from 5 

wk of age.  
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Table 1. General information of the organism mined from all three data sets. 

Genus Species Accession ID Submitted by1 

Harryflintia uncultured FJ440077.1 (Scupham et al., 2010) 

Butyricicoccus pullicaecorum NR044490 (Eeckhaut et al., 2008) 

Phascolarctobacterium uncultured FJ440080.1 (Scupham et al., 2010) 

Coprobacter uncultured MN938140.1 Direct submission 

Parabacteroides merdae AB238928 (Sakamoto and Benno, 2006) 

Enterococcus gallinarum MW674218 Direct submission 

Lachnoclostridium eubacterium LT598587.1 Direct submission 

UC5-1-2E3 uncultured JX229408.1 (McLellan et al., 2013) 

Tyzzerella clostridium colinum HM245938 Direct submission 

UCG-008 uncultured HQ792908.1 (Li et al., 2012) 

Intestinimonas uncultured MH912777.1 Direct submission 

Prevotellaceae Uncultured2 DQ456134.1 (Scupham, 2007) 

Prevotellaceae Uncultured2 EU009841 (Scupham et al., 2008) 
1 Submitted as peer review paper or as direct submission to the National Center for 

Biotechnology Information NCBI.  
2 Organisms found in turkey literature with two possible accession numbers.  
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SUMMARY 

Technology offers can generate vast, trustworthy, and high amounts of data. Animal 

production and sciences require a tool to analyze large data sets. Machine learning was 

presented as a set of algorithms that can be used with animal data sets. The objective of the 

work herein, presented in the literature review, was met by creating a methodology that cleans, 

filters, analyzes, validates, and extracts patterns from performance and microbiome. The author 

hopes the methodology of animal data analysis through machine learning can be helpful to 

other researchers. Machine learning technology promises to analyze the vast amount of data 

produced today and will be a tool that will be necessary for the future. It is vital to remember 

that the data quality, management, and question asked to the ML are critical to the ML's 

successful use as a tool.  

To answer the question: Can the bird’s BW as a numerical or nominal value be 

predicted? Yes, regression and classification models were developed based on the data 

collected in the experiments.  A regression model was built to predict the bodyweight of 

turkeys using performance data. This model was validated and improved with more data. The 

result was a regression and classification model that predicted body weight with performance, 

genetic lines, and rearing season. These models are even able to predict body weight at 18 wk 

of age with 5 wk data. A trade-off on model correlation and error these models compared with 

models predicting with 14 wk data.  

Several variables (attributes) were extracted from the data sets to answer that question: 

What are the most crucial data patterns discovered in the data set? Organic minerals sources, 

strain, rearing season, residues of manganese in the litter, and several bacterial organisms were 

identified as significant variables to predict body weight at 18 wk for turkeys. These variables 
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should be studied further, collecting data in the process that can be used to improve predicting 

models. For example, the organisms that were mined in chapter 2 could have a relationship 

with Mn bioavailability. Both should be studied together to determine if there is a correlation 

between them.  

In conclusion, the animal industry can benefit from the ML by creating predicting 

models and identifying key variables affecting performance, cost, and ultimately revenue. 

Researchers would benefit from ML by identifying variables that can be used for the scientific 

method as a hypothesis. Measuring and collecting more data is vital to generating new ideas, 

hypotheses, or products. Going in detail will not hurt but, in contradiction, benefit the ML 

learning and ultimately the user. Machine learning has the opportunity to analyze the most 

amount of detailed, clean, reliable, accurate data sets without human biased, to discover and 

explore new possibilities. 

 

 


