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ABSTRACT

The study’s objectives were to identify cow-level and 
environmental factors associated with metritis cure to 
predict metritis cure using traditional statistics and 
machine learning algorithms. The data set used was 
from a previous study comparing the efficacy of dif-
ferent therapies and self-cure for metritis. Metritis was 
defined as fetid, watery, reddish-brownish discharge, 
with or without fever. Cure was defined as an absence 
of metritis signs 12 d after diagnosis. Cows were ran-
domly allocated to receive a subcutaneous injection of 
6.6 mg/kg of ceftiofur crystalline-free acid (Excede, 
Zoetis) at the day of diagnosis and 3 d later (n = 275); 
and no treatment at the time of metritis diagnosis (n 
= 275). The variables days in milk (DIM) at metritis 
diagnosis, treatment, season of the metritis diagnosis, 
month of metritis diagnostic, number of lactation, par-
ity, calving score, dystocia, retained fetal membranes, 
body condition score at d 5 postpartum, vulvovaginal 
laceration score, the rectal temperature at the metritis 
diagnosis, fever at diagnosis, milk production from the 
day before to metritis diagnosis, and milk production 
slope up to 5, 7, and 9 DIM were offered to univariate 
logistic regression. Variables included in the multivari-
able logistic regression model were selected from the 
univariate analysis according to P-value. Variables 
were offered to the model to assess the association 
between these factors and metritis cure. Additionally, 
the univariate logistic regression variables were offered 
to a recursive feature elimination to find the optimal 
subset of features for a machine learning algorithms 

analysis. Cows without vulvovaginal laceration had 
1.91 higher odds of curing of metritis than cows with 
vulvovaginal laceration. Cows that developed metritis 
at >7 DIM had 2.09 higher odds of being cured than 
cows that developed metritis at ≤7 DIM. For rectal 
temperature, each degree Celsius above 39.4°C led to 
lower odds to be cured than cows with rectal tempera-
ture ≤39.4°C. Furthermore, milk production slope and 
milk production difference from the day before to the 
metritis diagnosis were essential variables to predict 
metritis cure. Cows that had reduced milk produc-
tion from the day before to the metritis diagnosis had 
lower odds to be cured than cows with moderate milk 
production increase. The results from the multivariable 
logistic regression and receiver operating characteristic 
analysis indicated that cows developing metritis at >7 
DIM, with increase in milk production, and with a rec-
tal temperature ≤39.40°C had increased likelihood of 
cure of metritis with an accuracy of 75%. The machine 
learning analysis showed that in addition to these vari-
ables, calving-related disorders, season, and month of 
metritis event were needed to predict whether the cow 
will cure or not from metritis with an accuracy ≥70% 
and F1 score (harmonic mean between precision and 
recall) ≥0.78. Although machine learning algorithms 
are acknowledged as powerful tools for predictive clas-
sification, the current study was unable to replicate its 
potential benefits. More research is needed to optimize 
predictive models of metritis cure.
Key words: metritis cure, ceftiofur, dairy cow, machine 
learning

INTRODUCTION

Metritis, an acute inflammatory disease with systemic 
implications, affects 20 to 40% of the postpartum dairy 
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cows in the first 21 DIM (LeBlanc et al., 2002; Sheldon 
et al., 2009; Dubuc et al., 2010). Risk factors such as dys-
tocia, delivery of twin calves, vulva laceration, retained 
fetal membranes (RFM), or stillbirth can increase the 
range of metritis cases from 30 to 45% (Markusfeld, 
1987; Benzaquen et al., 2007; Vieira-Neto et al., 2016). 
The consequences of metritis include reduced welfare, 
increased incidence of other diseases, decreased produc-
tive and reproductive performance, increased culling, 
and decreased profitability (Kossaibati and Esslemont, 
1997; Sheldon et al., 2004; Stojkov et al., 2015).

In studies comparing cure-risk of treated and non-
treated metritic cows, cure-risk of cows treated with 
ceftiofur ranges from 75 to 78%; however, the cure-risk 
ranges from 55 to 62% for nontreated cows, a scenario 
that suggests that approximately 2 of 3 cows treated 
for metritis could recover without antibiotics (Chenault 
et al., 2004; McLaughlin et al., 2012; de Oliveira et al., 
2020). The benefits of using ceftiofur extend beyond 
cure rates and include improved productive and repro-
ductive performance and an estimated economic return 
of $207 per cow (Silva et al., 2021). Third-generation 
cephalosporin drugs are essential in human and veteri-
nary medicine. The threat of antimicrobial resistance 
has led the Center for Veterinary Medicine of the Food 
and Drug Administration to limit certain uses of cepha-
losporin to preserve antimicrobial effectiveness for hu-
man and veterinary medicine (FDA, 2020).

Reducing traditional antibiotics use is expected to 
delay the development of bacterial resistance to antibi-
otics (Fair and Tor, 2014). Results from a pilot study 
suggested that not treating metritis cases without fever 
occurring within the first 5 DIM had no negative out-
comes (Sannmann et al., 2013). The development of 
novel strategies that identify cows with metritis that 
undergo cure may reduce antibiotic use while also pro-
viding economic and sustainability benefits for farmers. 
Developing models to predict cure based on cow-level 
and environmental risk factors may help identify cows 
during the postpartum period with metritis that may 
not need or benefit from the antibiotic.

An alternative approach to develop predictive models 
in a large data set such as in agriculture-related studies 
is machine learning algorithms (Grzesiak et al., 2010). 
The lack of restrictive parametric assumptions for data 
analysis and the development of predictive tools makes 
machine learning algorithms a good candidate for 
improving the prediction of classic statistical models 
(Grzesiak et al., 2010). Studies using machine learning 
have been used to predict cow performance or disease 
events using large and complex data sets (Shahinfar 
et al., 2012; Hempstalk et al., 2015). Studies indicate 
that risk factors for metritis and environmental fac-

tors could increase the chance of treatment failure (de 
Oliveira et al., 2020; Machado et al., 2020). However, 
there is limited information showing whether or not 
factors influencing metritis cure in treated and non-
treated cows are similar. The current study offers a 
unique platform to evaluate what factors contribute to 
the success of metritis cure in a randomized experiment 
with metritic cows receiving or not receiving conven-
tional antimicrobials.

The first objective of this study was to identify cow-
level and environmental factors associated with the 
likelihood of metritis cure. Our second objective was 
to evaluate the performance of traditional statistical 
models and a machine learning algorithm to predict 
metritis cure. Our premise was that cow and environ-
mental-related factors could predict metritis cure with 
traditional statistical models and machine learning 
algorithms.

MATERIALS AND METHODS

Data and Animals

Our data set was from a previous study that com-
pared the efficacy of different therapies and metritis 
cure (de Oliveira et al., 2020). Briefly, the study was 
conducted in 3 dairies located in North Central Florida 
from May 2016 to June 2017. Cows were diagnosed 
for metritis at 5, 7, and 9 DIM using the Metricheck 
device (Simcro). Cows with fetid, watery, and reddish-
brownish discharge, with or without pieces of necrotic 
tissue present, were classified as having metritis (Shel-
don et al., 2006). Cows diagnosed with metritis were 
blocked by parity (primiparous or multiparous) and, 
within each block, were randomly assigned to 1 of 3 
treatments as follows: (1) chitosan microparticles (n = 
276) intrauterine infusion of 24 g of chitosan micropar-
ticles at diagnosis and 2 and 4 d later; (2) subcutaneous 
injections of 6.6 mg/kg of BW of ceftiofur crystalline-
free acid (Excede, Zoetis) in the base of the ear at the 
day of diagnosis and 3 d later (CEF; n = 275); and (3) 
no treatment at the time of metritis diagnosis (CON ; 
n = 275). Because chitosan microparticles was not an 
efficacious therapy for metritis, only cows enrolled in 
the CEF or CON groups were included in the present 
study (n = 550). At 5 DIM, all cows were scored for 
body condition (1 = thin, 5 = obese; Ferguson et al., 
1994) and vulvovaginal laceration score (VLS; 0 = no 
laceration; 1 = laceration <2 cm at dorsal commis-
sure or internal vaginal wall; 2 = laceration >2 cm; 
Vieira-Neto et al., 2016). The vulvovaginal laceration 
was categorized (VLC) into “no” (<2 cm) or “yes” (≥2 
cm). Rectal temperature was measured at enrollment, 
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and cows with a rectal temperature ≥39.5°C were con-
sidered febrile. Additionally, the occurrence of dystocia, 
twins, RFM, and stillbirth were recorded. The criterion 
to determine cure was an absence of the characteristic 
fetid, watery, reddish-brownish discharge at 12 d after 
enrollment. A cow was considered a treatment failure if 
she was sold or died before d 12 after metritis diagnosis.

Cows that presented severe dehydration, anorexia, 
weakness, severe depression, systemic shock, or any 
other clinical signs attributable to metritis (other than 
characteristic vaginal discharge and fever) received 
antibiotic therapy according to the farm protocol and 
were considered a treatment failure. Milk yield, number 
of services, average DIM when cows left the herd, rea-
sons for culling, and mortality of the cows enrolled in 
the study were also recorded. Additional diseases were 
not accounted in the analysis.

Statistical Analysis

From the data collected in the study described above, 
we defined, categorized, and used the following vari-
ables for every cow enrolled in the study: the DIM on d 
0 (DIM D0), categorical days in milk at metritis diag-
nosis (metritis diagnosed at the first week postpartum 
vs. diagnosed after the first week postpartum), treat-
ment (CEF vs. CON), season of the metritis diagnosis 
[cool (September–May) vs. hot (June–August)], month 
of metritis diagnosis (January–December), lactation 
number, parity (primiparous vs. multiparous), calving 
score (1 = unassisted, 2 = easy pull or slight problem, 
3 = moderate pull, and 4 hard pull), dystocia [no (calv-
ing score = 1) vs. yes (calving score >1)], RFM (yes 
vs. no), BCS at d 5 postpartum (BCS5), categorical 
BCS5 (low ≤ 3.0, moderate > 3.0 or < 3.75, or high 
≥ 3.75), VLS (0, 1, or 2), categorical VLS (VLC, >2 
cm vs. <2 cm), rectal temperature at the metritis di-
agnosis, fever at the metritis diagnosis [yes (≥39.5°C) 
vs. no (≤39.5°C)], milk production from the day before 
diagnosis to the metritis diagnosis continuous (Vmilk), 
milk production from the day before to the metritis 
diagnosis categorical (MilkVar), and the slope of milk 
production up to 5, 7, and 9 DIM. The slopes of milk 
production up to 5, 7, and 9 DIM were calculated using 
linear regression models (PROC REG, SAS 9.4; SAS 
Institute Inc.). The model included daily milk produc-
tion (kg) as a dependent variable and DIM as an inde-
pendent variable. Milk increase was categorized based 
on the percentile of milk production increased obtained 
from the linear regression (low = P1–P25; moderate = 
P25–P75, or high > P75, where P = percentile).

Descriptive statistical analysis regarding continuous 
data, such as DIM D0, the slope of milk production, 

milk difference, the rectal temperature at enrollment, 
and BCS at metritis diagnosis, were compared non-
parametrically using the PROC NPAR1WAY of SAS, 
and P-values from the Kruskal-Wallis test are reported. 
Mean values for normally distributed continuous vari-
ables were generated using ANOVA to compare non-
cured and cured groups. For the categorical variables 
(dystocia, parity, RFM, VLC), GLIMMIX procedure 
of SAS was used to compare cows that cured or failed 
to cure metritis, and PROC FREQ of SAS was used to 
report proportions.

A 3-step approach was used to select the variables 
to be included in the final multivariate model. First, 
univariable analyses for each independent variable were 
performed to assess their association with the odds of 
metritis cure with farm as a random effect (de Oliveira 
et al., 2020), and variables were ranked according to 
their P-value. Second, multivariable analyses were 
performed using PROC MIXED and GLIMMIX with 
maximum likelihood and Laplace parameter estimation 
methods, respectively. All variables were offered to the 
model according to their P-value from the univariate 
analysis (smallest to largest), and the model Akaike 
information criterion (AIC) was used to select the final 
model variables (stepwise elimination approach). The 
model with the lowest AIC was used. Finally, PROC 
MIXED and GLIMMIX were used with REML and 
residual subject-specific pseudolikelihood default speci-
fications for parameter estimation. The final model for 
the multivariate analysis included cure as a dependent 
variable and the effects of treatment, vulvovaginal 
laceration, week postpartum of metritis, rectal tem-
perature at metritis diagnosis, and milk difference as 
an independent variable. Furthermore, first-order inter-
actions for all variables were added to the model, and 
significant ones were kept.

The multivariable analysis results are reported as the 
ratio of the odds of metritis cure for each risk factor. 
The unit of analysis was the cow. Statistical signifi-
cance was declared for all models described above if P 
≤ 0.05, and a tendency was considered if 0.05 < P 
< 0.10. For variables that had P < 0.05 in the mul-
tivariate logistic regression models, receiver operating 
characteristic (ROC) curves were performed using 
MedCalc (MedCalc Software, ver. 18.11.6) to determine 
the most accurate threshold to predict metritis cure. 
A multivariable ROC curves analysis was performed 
using the logistic procedure of SAS. The multivariable 
ROC included the variables that were significant in the 
multivariable logistic regression model. The results of 
ROC were reported as sensitivity (Se), specificity (Sp), 
positive predictive value (PPV), and negative predic-
tive value (NPV) and were considered as follows: less 
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than 0.2 as low, 0.2 to 0.4 as fair, 0.4 to 0.6 as moder-
ate, 0.6 to 0.8 as substantial, and above 0.8 as high 
(Dohoo et al., 2009).

Machine Learning Algorithms

Data Preprocessing. Machine learning algorithms 
were used to predict cows that would cure or not once di-
agnosed with metritis. The data set contained instances 
(observations) of 550 cows described by 24 attributes 
(variables), where 22 were independent variables, and 
2 were dependent variables (Figure 1; De Oliveira et 
al., 2021). Among the 2 dependent variables, the target 
variable “cured” was a binary variable that described 
whether the animal cured up to 12 d after metritis di-
agnosis. As for the 22 independent variables, we applied 
standard data preprocessing pipeline of feature scaling 
(FS), missing value imputation (MVI), and outlier 
detection (OD) in the specified order using the scikit-
learn Python package and missingpy Python library 
(https:​/​/​github​.com/​epsilon​-machine/​missingpy). We 
tested 3 variations of FS (standard, minmax, and ro-
bust), 3 variations of MVI [k-nearest neighbors (KNN; 
Troyanskaya et al., 2001), multivariate imputation by 
chained equation (MICE; van Buuren and Karin, 2010), 
and miss forest (Stekhoven and Bühlmann, 2012)], and 
2 variations of OD [isolation forest (Liu et al., 2008), 
and local outlier factor (LOF; Breunig et al., 2000)].

Feature Selection. To find the optimal subset of 
features for the classifier, we performed recursive feature 
elimination on the preprocessed data using the Python 
library Mlxtend (https:​/​/​github​.com/​rasbt/​mlxtend). 
For each step of recursive feature elimination, we re-
moved a single feature associated with the best classi-
fier performance if it was removed until only a single 
feature (most informative) remained. For selecting the 
optimal subset, we chose the smallest feature subset 
that was within 1 standard error of the cross-validation 
performance instead of the feature subset with the best 
cross-validation performance (described below). This 
parsimonious feature selection helped reduce the num-
ber of features as much as possible while retaining a 
reasonable performance, thus reducing the cost of data 
collection, reducing the training time, and allowing for 
generalizability.

Model Selection Pipeline. The overall model 
selection pipeline included the following steps: data 
preprocessing, feature selection, up-sampling using 
SMOTE (Valdés et al., 2018), and classifier training. 
For up-sampling, we resampled only the minority class 
(not cured) to match the number of the majority class 
(cured). Therefore, the final number of samples used 
for training the machine learning algorithms was 794 

(397 from each class). Up-sampling was only applied to 
the training process. We trained 7 classifiers of varying 
complexity [decision tree (Mitchell, 1997), Gaussian 
naïve Bayes (Witten et al., 2011), multinomial naïve 
Bayes (Domingos and Pazzani, 1997), SVC (Hu et al., 
2016a,b), AdaBoost (Morra et al., 2010), random forest 
(Ho, 1995; Breiman, 2001), and artificial neural network 
(Zafeiris et al., 2018)]. Therefore, the model selection 
pipeline had 126 possible combinations (3 FS, 3 MVI, 2 
OD, and 7 classifiers). We then performed a grid search 
to find the best hyperparameter of the classifier for 
that given combination. For evaluation, we performed 
5-fold cross-validation, which consisted of partition-
ing the data into 5 equally or approximately equally 
sized segments. Subsequently, 5 iterations of training 
and validation were performed such that within each 
iteration, a different segment of the data was used as 
testing data, whereas the other 4 segments were used 
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Figure 1. Comparison of receiver operating characteristic (ROC) 
curves with optimal threshold values for the whole model. Tempd0 = 
rectal temperature at metritis diagnosis; DIMd0 = DIM at metritis 
diagnosis; Milkincrease5DIM = slope of milk increase up to 5 DIM; 
Vmilk = milk production difference from day before to diagnosis.

https://github.com/epsilon-machine/missingpy
https://github.com/rasbt/mlxtend
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for training the data. The classification performance 
measured the classifier accuracy, Se, Sp, PPV, NPV, 
precision, and harmonic mean between precision and 
recall (F1 score). Accuracy was calculated as the ratio 
between the sum of the true positive (TP) and true 
negative (TN) results and the sum of TP, TN, false 
positives (FP), and false negatives. Precision was cal-
culated as the ratio between TP and the sum of TP and 
FP. The false detection rate was calculated as the ratio 
between FP and the sum of FP and TP. The F1 score 
was calculated using the formula (2 × Se × precision)/
(Se + precision). The performance of the classifier was 
optimized using the F1 score.

Recommender System. A recommender system is 
a personalized recommendation to handle information 
overload problems and improve description of an out-
come of interest (Lu et al., 2015). All results presented 
in the manuscript were based on the recommender sys-
tem. Using the best model among the 126 combinations 
from the model selection pipeline, we built a recom-
mender system that recommended which cows would 
cure or not from metritis. We recommended setting the 
threshold θ to the difference in cured and not-cured 
cows’ prior probabilities.

Experimental Scenarios. We trained the machine 
learning models on 4 different subsets of the features to 
analyze different end-user case scenarios regarding data 
availability on individual cow daily milk production 
(Table 1). In scenario 1, we assumed that milk produc-
tion data were not available, but all other features were 
used. Scenario 2 had all fixed features and milk produc-
tion slope up to 5, 7, and 9 DIM features. Scenario 3 
had all fixed features and milk differences from the day 
before to metritis diagnosis categorical (MilkVar) and 
continuous (Vmilk) features. Scenario 4 had all fixed 
and milk production features.

RESULTS

Descriptive Statistics

The descriptive statistics regarding the number of 
cows cured, parity, dystocia, RFM, VLS, mean BCS5, 
mean DIM D0, the rectal temperature at enrollment, 
mean of milk production slope at 5 DIM, and mean 
of milk difference from the day before to the metritis 
diagnosis for cows cured and noncured are presented 
in Table 2. The proportion of cows with vulvovaginal 
laceration was greater (P < 0.01) in the noncured than 
in the cured group. Mean DIM D0 and milk production 
slope at 5 DIM were greater (P < 0.01) in cured than 
in the noncured cows. The milk difference from the day 
before diagnosis to the metritis diagnosis was differ-
ent (P < 0.01) between the groups, being positive for 
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cured cows and negative for noncured cows (Table 2). 
The rectal temperature at enrollment was lower (P = 
0.02) in cured cows than the noncured herdmates. The 
remained variables analyzed were not different between 
cured and noncured cows (Table 2).

Association of Cow-Level and Environmental 
Factors with Metritis Cure

The outcomes of the initial univariable logistic re-
gression models evaluating the association of categori-
cal variables with metritis cure is presented in Table 
3. Week of enrollment (P < 0.03), treatment (P < 
0.01), VLC (P < 0.01), VLS (P < 0.01), slope of milk 
production up to 5 DIM categorical (P = 0.02), and 
categorical milk difference from day before diagnosis 
to metritis diagnosis (P < 0.01) were positively associ-
ated with metritis cure. Season (P = 0.12), month of 
enrollment (P = 0.18), parity (P = 0.60), dystocia (P = 
0.18), RFM (P = 0.46), BCSC (P = 0.85), and fever (P 
= 0.16) were not associated with metritis cure. For the 
continuous variable, DIM at enrollment (P < 0.01), rec-
tal temperature at enrollment (P = 0.02), slope of milk 
production up to 5 DIM (P = 0.01), and milk differ-
ence from day before diagnosis to metritis diagnosis (P 
< 0.01) were positively associated with metritis cure, 
whereas lactation number (P = 0.31) and BCS5 (P = 
0.60) were not associated with metritis cure (Table 4).

The outcomes from the final multivariable logistic 
regression model evaluating the association between 
cow-related factors and metritis cure are presented in 
Table 5. Treatment affected (P < 0.01) the odds of 
metritis cure, with CEF having 1.99 higher odds of cure 
than cows in CON group. Cows without vulvovaginal 
laceration had 1.91 higher odds of cure than cows 
with vulvovaginal laceration (P < 0.01). There was 

a tendency for an interaction between treatment and 
vulvovaginal laceration (P = 0.06). Cows without vulva 
laceration treated with ceftiofur had 3.28 higher odds 
of cure than cows with vulva laceration. In contrast, 
cows with vulvovaginal laceration treated with ceftiofur 
had no differences in cure when compared with control 
cows. Cows that developed metritis after the first week 
postpartum had 2.09 higher (P = 0.05) odds of being 
cured than cows that developed metritis in the first 
week postpartum. For rectal temperature, each degree 
Celsius above 39.4°C led to a tendency (P = 0.08) 
of 0.68 lower odds to be cured than cows with rectal 
temperature ≤39.4°C. Cows that had reduced milk pro-
duction from the day before diagnosis to the metritis 
diagnosis had 0.46 lower odds to be cured than cows 
with moderate milk production increase (P < 0.01).

The multivariable ROC curve revealed an area under 
the curve (AUC) for the model of 0.69 (Figure 1). The 
AUC in the multivariable ROC for rectal temperature 
at d 0, DIM D0, milk difference, and milk production 
slope 5 DIM were 0.55, 0.62, 0.62, and 0.56, respec-
tively. The Se, Sp, PPV, and NPV for the multivariable 
ROC were, 0.98, 0.08, 0.75, and 0.08, respectively. The 
accuracy, precision, and F1 for the multivariable ROC 
were, 0.75, 0.75, and 0.85, respectively.

Optimal thresholds for rectal temperature, DIM D0, 
milk difference from the day before to the metritis 
diagnosis, and slope of milk production up to 5 DIM 
to predict cure were determined using univariate ROC 
curves (Figure 2). Among cows that cured, the milk 
difference threshold that maximized the AUC (AUC = 
0.61) was > 0.09 kg (% cows below threshold = 60%), 
the threshold was >5 d (% cows below threshold = 
21.6%) for DIM (AUC = 0.62), and the temperature 
cut point for metritis cure (AUC = 0.56) was ≤39.2°C 
(% cows below threshold = 42%).
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Table 2. Descriptive statistics of cured and noncured groups used in logistic regression and machine learning 
analysis

Item

Cured

P-valueYes No

Animals enrolled [no. (%)] 397 (72.2) 153 (27.8)  
Primiparous animals enrolled [no. (%)] 207 (72.4) 79 (27.6) 0.60
Multiparous animals enrolled [no. (%)] 190 (72.0) 74 (28.0)
Dystocia [no. (%)] 112 (28.2) 55 (35.9) 0.18
Animals with retained placenta [no. (%)] 164 (41.3) 65 (42.5) 0.46
Animals with vulvovaginal laceration [no. (%)] 90 (22.7) 56 (36.6) <0.01
Mean milk production slope at 5 DIM1 2.07 1.38 <0.01
Mean milk difference (kg)2 1.29 −1.50 <0.01
Mean BCS at 5 DIM 3.43 3.42 0.88
Mean DIM at metritis diagnosis 7.6 6.9 <0.01
Mean rectal temperature at enrollment (°C) 39.3 39.5 0.02
1Mean milk production slope at 5 DIM: mean of milk production slope up to 5 DIM.
2Mean milk difference: mean milk production from the day before diagnosis to the metritis diagnosis continu-
ous.
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Predictions of Metritis Cure from the Machine 
Learning Models

The accuracies of the models for scenarios 1, 2, 3, 
and 4 were 66, 72, 71, and 70%, respectively (Table 6). 

The random forest classifier had the best performance 
across all 4 scenarios, whereas the best overall prepro-
cessing pipeline was standard scaling for FS, KNN for 
MVI, and LOF for OD (Table 6). Scenario 2, which was 
trained using all features except for Vmilk and MilkVar, 
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Table 3. Univariate logistic regression model evaluating the association of several categoric variables with 
metritis cure

Variable1   Level
Odds ratio 
(95% CI) P-value

BCSC   Low 0.87 (0.48–1.59) 0.85
  Moderate Baseline
  High 1.06 (0.66–1.70)

Dystocia   Yes Baseline 0.18
  No 1.31 (0.88–1.94)

Fever   Yes Baseline 0.16
  No 1.30 (0.89–1.89)

Milk difference   Negative 0.41 (0.2–0.70) <0.01
  Moderate Baseline
  High 0.84 (0.45–1.57)

Milk production slope 5 DIM   Low 0.78 (0.49–1.23) 0.02
  Moderate Baseline
  High 1.88 (0.99–3.60)

Parity   Primiparous Baseline 0.60
  Multiparous 1.11 (0.74–1.66)

RFM   Yes Baseline 0.46
  No 1.15 (0.78–1.71)

Season   Hot Baseline 0.12
  Cool 0.67 (0.41–1.12)

Treatment   Control Baseline <0.01
  Ceftiofur 2.11 (1.44–3.11)

VLC   Yes Baseline <0.01
  No 2.13 (1.41–3.22)

VLS   Score 0 2.46 (1.51–4.03) <0.01
  Score 1 1.89 (1.18–3.01)
  Score 2 Baseline

Week of enrollment   First week postpartum 0.49 (0.32–0.74) 0.03
  Second week postpartum Baseline

1Body condition score at day 5 postpartum was categorized (BCSC) as low ≤3.0, moderate >3.0 or <3.75, or 
high ≥3.75; calving score (1 = unassisted, 2 = easy pull or slight problem, 3 = moderate pull; and 4 = hard 
pull) was used to determine dystocia (no: calving score = 1 vs. yes: calving score >1); fever at the metritis 
diagnosis was categorized as yes ≥39.5°C vs. no ≤39.5°C; milk slope up to 5 DIM and milk difference were 
categorized based on the percentile (P) of milk production increased obtained from the linear regression (low 
= P1–P25; moderate = P25–P75, or high >P75), milk production from the day before to the metritis diag-
nosis categoric (MilkVar); parity was categorized as primiparous vs. multiparous; retained of fetal membranes 
(RFM) were categorized as yes and no; vulvovaginal laceration (VLS) was categorized as 0 = no laceration; 1 = 
laceration <2 cm at dorsal commissure or internal vaginal wall; 2 = vulvovaginal laceration >2 cm; categorical 
VLS (VLC) was further divided into yes (≥2 cm) or no (<2 cm).

Table 4. Univariate logistic regression model evaluating the association of several continuous variables with 
metritis cure

Variable Level
Odds ratio 
(95% CI) P-value

DIM at enrollment 7 Baseline <0.01
8 1.17 (1.06–1.28)

Milk production slope at 5 DIM 1.89 Baseline 0.01
2.89 1.11 (1.02–1.21)

Milk difference (kg) 0.57 Baseline <0.01
1.57 1.07 (1.03–1.11)

Number of lactations 2 Baseline 0.31
3 1.09 (0.92–1.27)

Rectal temperature (°C) 39.4 Baseline 0.02
40.4 0.64 (0.44–0.93)
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had the best performance based on the parsimonious 
point, which is the model that provides the simplest 
explanation that fits for best results when more than 
1 option to choose is available. Scenario 2 had an F1 
score of 0.81, an accuracy of 0.72, a PPV (precision) of 
0.78, an NPV of 0.50, a Se of 0.85 (recall), a Sp of 0.39, 
and false discovery rate of 0.22.

DISCUSSION

Our results demonstrated that the cure for metritis 
is associated with cow-level and environmental fac-
tors, and that the use of machine learning algorithms 
needs to be optimized to become a feasible approach to 
identify cows with greater probability of metritis cure. 
The accuracy of classic multivariable model was 75%, 
which was higher than the best machine learning sce-
nario (72%). However, considering the limited number 

of cows and variables used for the current study, more 
potential for improvement is expected with machine 
learning algorithms that are known to have an advan-
tage handling large data sets and number of variables 
(Grzesiak, et al., 2010). Advancing predictive models 
for cure is a strategy that aligns with a worldwide effort 
to reduce the use of antibiotics in food animal systems, 
contributing to reducing the antimicrobial resistance 
problem, both in animals and humans (CDC, 2020).

In the current study, our goals were to investigate 
cow-level and environmental factors associated with 
metritis cure by integrating classic multivariable 
statistical models and machine learning algorithms, 
which were reported as an effective strategy for data 
mining and development of predictive tools for fertil-
ity and insemination outcomes (Shahinfar et al., 2012; 
Hempstalk et al., 2015), metabolic diseases (Xu et al., 
2019), and mastitis (Hyde et al., 2020). An interesting 
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Table 5. Outcomes from the final multivariable logistic regression model evaluating the association between 
cow-related factors and metritis cure

Variable1   Level
Odds ratio 
(95% CI) P-value

Milk difference   Reduced (n = 161) 0.46 (0.27–0.79) <0.01
  Moderate (n = 151) Baseline
  High (n = 103) 0.92 (0.48–1.78)

Temperature   39.40 (n = 287) Baseline 0.08
  40.40 (n = 263) 0.68 (0.43–1.06)

Treatment   CON (n = 275) Baseline <0.01
  CEF (n = 275) 1.99 (1.21–3.26)

VLC   Yes (n = 403) Baseline <0.01
  No (n = 147) 1.91 (1.17–3.14)

Week postpartum   1 (n = 343) 0.49 (0.29–0.81) <0.01
  2 (n = 207) Baseline

1Vulvovaginal laceration (VLC) was categorized as 0 = no laceration; 1 = laceration <2 cm at dorsal com-
missure or internal vaginal wall; 2 = vulvovaginal laceration >2 cm; categorical vulvovaginal laceration score 
(VLC) was divided into yes (≥2 cm) laceration or no (<2 cm laceration).

Table 6. Performance of machine learning algorithms for scenarios 1, 2, 3, and 4; minmax feature scaling, 
iterative missing value imputation, local outlier factor (LOF) outlier detection, and random forest classifier 
were used to produce these results1

Item2

Scenario3

Scenario 1 Scenario 2 Scenario 3 Scenario 4

Sensitivity 0.81 ± 0.03 0.85 ± 0.03 0.85 ± 0.04 0.81 ± 0.03
Specificity 0.26 ± 0.07 0.39 ± 0.07 0.35 ± 0.3 0.39 ± 0.07
PPV 0.75 ± 0.02 0.78 ± 0.02 0.77 ± 0.01 0.78 ± 0.02
NPV 0.33 ± 0.06 0.50 ± 0.04 0.49 ± 0.09 0.45 ± 0.06
Accuracy 0.66 ± 0.03 0.72 ± 0.02 0.71 ± 0.03 0.70 ± 0.03
F1 score 0.78 ± 0.02 0.81 ± 0.02 0.81 ± 0.02 0.79 ± 0.02
False detection rate 0.25 ± 0.02 0.22 ± 0.02 0.23 ± 0.01 0.22 ± 0.02
1All scenarios modeled included the final number of samples used for training the machine algorithms that was 
up-sampled to correct imbalance (n = 794, cured = 397, and noncured = 397).
2PPV = positive predictive value; NPV = negative predictive value; F1 score = harmonic mean between preci-
sion and recall.
3All values ± SE.
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finding of our study was that calving-related disorders 
already known as risk factors for metritis such as par-
ity, dystocia, BCS5, and RFM, were not included in the 
final multivariable logistic regression model because we 
did not detect an association with metritis cure up to 
12 d after metritis diagnosis. It is unclear why these 
variables were not associated with cure by traditional 
logistic regression. Machado et al. (2020) found no as-
sociation between parity and cure of metritis at 12 d 
after metritis diagnosis, consistent with our findings. 
Also, Lima et al. (2014) observed that parity was 
not associated with cure up to 12 d after enrollment. 
However, it was associated with cure within the first 
week after the initial diagnosis. Also, calving-related 
disorders such as dystocia, twin calves, and RFM were 

negatively associated with cure at 6 d, but not 12 d, af-
ter enrollment. Parity may be associated with an early 
cure, but the current study focused on the final assess-
ment for the cure at 12 d after metritis diagnosis. That 
was the time point where the cure rate between treated 
and nontreated cows differed previously for data used 
herein (de Oliveira et al., 2020).

The vulvovaginal laceration was an important vari-
able for metritis cure in both sets of analyses. Cows 
without vulvovaginal laceration had higher odds of cur-
ing of metritis than cows with vulvovaginal laceration. 
The relevance of vulvovaginal laceration and metritis 
cure in classical statistical and machine learning mod-
els suggests that this variable might be a more accu-
rate predictor for metritis cure than calving-related 
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Figure 2. Optimal threshold values for rectal temperature at metritis diagnosis, DIM at diagnosis, milk difference from the day before 
diagnosis to the metritis diagnosis, and slope of milk increase up to 5 DIM. Outcome of 4 receiver operating characteristic curve analyses were 
performed to evaluate the optimum threshold of rectal temperature at metritis diagnosis (A), DIM at metritis diagnosis (B), milk increase (C), 
and milk slope associated with metritis cure (D). Se = sensitivity; Sp = specificity; PPV = positive predictive value; NPV = negative predic-
tive value. AUC = area under the curve.
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disorders, which is a combination of RFM, dystocia, 
stillbirth, and twins. Each of the 4 components of calv-
ing-related disorders has been associated individually 
with metritis risk (Ghavi Hossein-Zadeh and Ardalan, 
2011). Still, their association with metritis cure is less 
clear and, as suggested by the current study, is not 
consistently detected across different analytical meth-
ods. Both vulvovaginal laceration and calving-related 
disorders can increase tissue damage, and necrotic 
cells release damage-associated molecules or molecular 
patterns that increase the inflammatory response and 
delay healing (Healy et al., 2014). Perhaps the release 
of damage-associated molecules or molecular patterns 
is more consistent in cows with vulvovaginal laceration 
and helps explain why this variable was ubiquitously 
present in our models and analytical methods used in 
the current study.

Results from a pilot study suggested that leaving me-
tritis cases that occurred within the first 5 DIM did not 
lead to negative outcomes (Sannmann et al., 2013), and 
only cows with fever at the metritis diagnosis would 
benefit of the antibiotic treatment. However, our re-
sults from the classic multivariable statistical and ROC 
curve analysis, in contrast with this recommendation, 
suggested that cows developing metritis in earlier lacta-
tion are less likely to cure than cows developing metritis 
after the first week postpartum. A possible reason for 
these results is that cows developing metritis earlier 
may have compromised immune response necessary to 
achieve uterine pathogen clearance, which can lead to 
increased uterine pathogen load and toxins production 
and lower efficacy of antibiotics treatment. Also, in the 
current study, cows with a rectal temperature >39.4°C 
tended to have lower odds of being cured than cows 
with a rectal temperature ≤39.4°C.

The current study results revealed that cows having 
reduced milk production from the day before diagnosis 
to the metritis diagnosis are less likely to cure than 
cows with moderate milk production. Machine learning 
and logistic regression analyses indicated that milk pro-
duction is an important variable for the predictability 
of a metritis cure. In the present study, the machine 
learning analysis was trained on 4 different subsets 
of variables to create different scenarios. When milk 
production was not included in the analysis, machine 
learning predicted metritis cure with an accuracy of 
0.66. However, when the different milk production 
measurements were added to the analysis in the other 
3 scenarios, the metritis cure predictability increased 
with an accuracy greater than 0.70. Traditional multi-
variable logistic regression analysis detected the slopes 
of milk production up to 5 DIM as the best variable 
to predict metritis cure, and the inclusion of only this 
variable generated a full model with the lowest AIC. 

Machine learning analysis indicated that the model 
including slopes of milk production for 5, 7, and 9 DIM 
had the best accuracy to predict which cows cured of 
metritis, but the accuracy was still lower than the mul-
tivariate ROC analysis. The decrease in milk produc-
tion with the onset of metritis can be attributed at least 
in part to a concomitant decrease in DMI associated 
with inflammation (Plata-Salamán et al., 1996; Pérez-
Báez et al., 2019). Merenda et al. (2021) demonstrated 
that metritis profoundly affects inflammatory response, 
feeding, and rumination times compared with healthy 
cows. Immune activation markedly disrupts glucose 
homeostasis and is characterized by hypoglycemia 
and hyperlactemia (Filkins, 1978; McGuinness, 2005; 
Michaeli et al., 2012). The energy cost to keep the im-
mune system activated under inflammation is very high 
(1,553 g for 720 min; Kvidera et al., 2017). Therefore, it 
is reasonable to surmise that cows experiencing metritis 
cure failure might exacerbate inflammatory response 
and activation of the immune system.

For most of the variables analyzed in the current 
study for an association or prediction of metritis cure, 
we could not see differences between cows treated and 
not treated for metritis. The only exception was a ten-
dency for interaction between treatment and vulvovagi-
nal laceration. The efficacy of ceftiofur to treat metritis 
is well established (Chenault et al., 2004; McLaughlin 
et al., 2012; de Oliveira et al., 2020). Cows without vul-
vovaginal laceration treated with ceftiofur had higher 
odds of curing of metritis than cows with vulvovaginal 
laceration, whereas a similar relationship was not found 
in the CON group. We speculate that animals with vul-
vovaginal laceration may have the severity of metritis 
increased, and the ceftiofur effectiveness to cure me-
tritis might be diminished. Silva et al. (2021) reported 
in a recent study that cows with metritis that received 
an antibiotic treatment had lesser proportion of culling 
and similar mortality up to 300 DIM when compared 
with untreated cows. The data from Silva et al. (2021) 
suggest that increased culling rate may be related to 
the decreased milk production and reproductive per-
formance experienced by nontreated metritic cows. 
Identifying cow-level and environmental factors leading 
to metritis cure might be a critical step to design a 
decision tree for selective treatment that goes beyond 
cure rate and positively affects fertility and milk yield 
performance.

The machine learning also selected all variables in-
cluded in the multivariable logistic regression recom-
mended system as a metritis cure predictor. Further-
more, machine learning analysis pointed out calving-
related disorders as an important feature for metritis 
cure prediction, indicating that these variables are 
useful, and the development of a selective therapy for 
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metritis using cow-related factors is a possibility. Using 
the AdaBoost algorithm, we were able to identify cow-
level and environmental factors that predict metritis 
cure with an accuracy of up to 72%. Using the subset 
of variables selected by scenario 2 (all fixed features 
and milk production slope up to 5,7, and 9 DIM) in the 
machine learning models, 72% accuracy was achieved 
to determine whether the cow will cure or not from 
metritis. Ideally, an algorithm to be used to select cows 
to optimize cure without compromising animal welfare 
needs to have high sensitivity, high PPV, and moderate 
specificity. Our machine learning models had sensitivi-
ties ranging from 0.81 to 0.85 and PPV ranging from 
0.75 to 0.78, which suggest a good prediction toward 
judicious antimicrobial use. On the other hand, the 
specificities ranged from 0.26 to 0.39, suggesting that 
from an animal welfare standpoint, algorithms need to 
be improved. A major limitation of the present study 
was that the data used for the analysis was only from 
3 herds. Additionally, the present model was not vali-
dated using external data from other herds across the 
United States or with differences in metritis prevalence. 
Validation of the results of the current study could be 
done by applying the algorithm in a further cohort field 
study in which cows would be selected to receive or 
not treatment based on the algorithm. Nonetheless, our 
work demonstrated that it may be possible to identify 
cows with greater probability of cure. Further studies 
are necessary to improve the prediction ability of the 
model and may be achieved by including other mark-
ers of inflammation and immunomodulation as well as 
other cow-related factors such as genomics, rumination, 
activity level, and DMI.

CONCLUSIONS

Overall, our multivariable logistic regression and 
ROC analysis indicated that cows developing metritis 
at >7 DIM, with increase in milk production, and with 
a rectal temperature ≤39.40°C have increased likeli-
hood of cure of metritis with an accuracy of 75% and Se 
of 98%, which were both slightly higher than the values 
reported in our machine learning algorithm scenarios. 
Our findings from machine learning showed that in 
addition to these variables, considering calving-related 
disorders (dystocia, RFM, calf sex, twins, and still-
birth), season, the month of metritis event, and milk 
production slope up to 5, 7, and 9 DIM were helpful to 
predict whether the cow will cure or not from metritis. 
There is tremendous pressure on agriculture to improve 
the judicious use of antibiotics, and metritis has been 
shown to be one of the major drivers of antimicrobial 
drug usage in lactating cows, underscoring the impor-

tance of predicting metritis cure. The unique capacity 
of machine learning algorithm to handle large data sets 
and number of variables may contribute to advance the 
development of selective treatment for metritis, poten-
tially reducing the dissemination of antimicrobial resis-
tance, concurrent with lower disease cost and improved 
animal welfare.
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