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Abstract: Thermal comfort indices are risk indicators for environmental conditions in livestock
production. Predictive models based on these indices of heat stress, respiratory frequency, and
presence of heat waves for lactating cows, comparing the prediction and correlation between these
factors, generate responses that can improve animal management regarding physiological
responses to heat stress during the incidence of heat waves. Therefore, the objective was to develop
predictive models for heat wave risk alerts based on thermal stress indices, physiological responses,
and surface temperature of lactating cows. The region’s climatic conditions were evaluated based
on data on temperature, air humidity, wind speed, black globe temperature, solar radiation, dew
point temperature, and precipitation compiled from a meteorological station. In the processing
phase, a data set was discretized into classes to apply machine learning techniques to generate a
classification model with cross-validation of the data. The performance of the classifiers was
evaluated based on the metrics: accuracy, precision, sensitivity (recall), and Kappa statistics.
Predicting the risk of heat waves for lactating cows can meet the need to predict the frequency of
heat waves for decision-making in environmental, nutritional, and health management to minimize
adverse impacts on production. The accuracy of Decision Tree models (J48), Naive Bayes, and
Logistic Regression was equal to 96.72%, 96.72%, and 98.36%, respectively. The performance in the
evaluation metrics of the Logistic Regression prediction model was better than that of the decision
tree and Naive Bayes models.

Keywords: dairy cows; heat wave predictive models; Northern Amazon; thermal comfort

1. Introduction

The Amazon savanna is one of the most biodiverse regions in the world. The region experiences
a distinct dry season, contrasting with the rainforest’s year-round moisture [1]. This seasonality
influences the types of vegetation and animal behaviors in the region. The soils in the Amazon
savanna are generally nutrient-poor compared to those of the rainforest, affecting the types of
vegetation that can grow and the overall productivity of the ecosystem. A mix of grasslands, shrubs,
and scattered trees characterizes the region, and a diverse vegetation structure supports different
ecological niches compared to the dense rainforest [2].

Climate change presents substantial global challenges to dairy production systems, affecting
milk yield, composition, and dairy cows’ overall health and welfare. The convergence of global
warming, elevated air temperatures, and a rise in extreme weather events and droughts can induce
heat stress conditions, adversely impacting animal health and welfare [3]. The direct effects of climate
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change are primarily attributed to the increased temperature and the heightened frequency and
intensity of heat waves observed in recent years [4]. Concern about animal welfare in production
systems is constantly growing worldwide. Moreover, Brazil is characterized by a predominantly
tropical climate, with high average temperatures throughout the year in a large part of its territory.

Thermal stress is a significant challenge in dairy production. Previous research has indicated
that environmental factors can influence milk production by eliciting physiological responses directly
associated with milk yield [5-9]. Comprehending these effects is essential for formulating adaptation
and mitigation strategies to maintain dairy production amidst a changing climate. Dairy cows are
more impacted by high temperatures than beef animals, given their faster metabolism [10]. This
higher metabolic rate adapts dairy breeds to challenging tropical environments, resulting in reduced
well-being and productivity and even changes in the milk composition of these animals.

Thermal comfort indices as indicators of risk in the animal environment have been used to
evaluate the thermal stress of dairy cows, including the predictive performance of thermal indices
typical of dairy cattle, comparing their predictions with thermal stress levels and correlating them
with some physiological responses [11]. Another significant element concerns circadian changes in
cows, which are associated with disease, stress, or calving/estrus events. Episodes of stress or illness
in animals can disrupt their circadian rhythm of activity, which is correlated with the ambiance and
well-being of cows [12].

Bioclimatic indices serve as crucial guides for cow welfare, especially in tropical regions with a
notable increase in heat load. Technological advances make it possible to monitor external climatic
conditions in the internal environment of facilities, including the animals’” body temperature.
Observation of physiological responses, such as breathing rate and panting score, is valuable for
assessing heat stress in ruminants. When applied to complex and scalable models, this approach can
be more accurate and informative [13]. Therefore, the objective of the present work was to develop
predictive models for heat wave risk alerts based on climate data and heat stress indices of lactating
cows raised on pasture and evaluate the best model to predict the heat wave risk for lactating cows
under the climate of the Amazon savanna.

2. Materials and Methods

The recording period was between September 1st and October 31st, 2023, in Boa Vista, Roraima
(latitude 2° 49" 12”7 N, longitude 60° 40" 19” W, and altitude 2.739 m). The recorded data occurred on
farm production following the World Organisation for Animal Health (OIE) Terrestrial Animal
Health Code, which provides international animal welfare standards, particularly in production
systems.

2.1. Environmental Measures and Thermal Stress Indices

The region’s climatic conditions were evaluated based on data on temperature (°C), air humidity
(%), wind speed (m s-1), black globe temperature (Tbg), and precipitation (mm/h) compiled in the
database NASA climate data [14].

The Black Globe Temperature and Humidity Index (BGHI) was calculated from data on air
temperature, air humidity, and radiant thermal energy from the environment, as shown in Eq 1 [15].

GHI = tbg + 0.36 x tdp + 41.5 1)

where tbg black globe temperature (°C); tdp = dew point temperature (°C).

Respiratory Rate Index (RR), based on relative humidity, generates an estimate of the cattle’s
respiration rate [16,17] when temperatures exceed 25 °C under unshaded conditions and air
temperature > 25 °C was calculated from Eq 2 (RR).

RRns = 5.1ta+0.58rh-1.7ws+0.039sr-105.7 @)

where ta = environmental temperature (°C); th = relative humidity (%); ws = air speed (m s), and sr
= solar radiation intensity (W m?2).
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The Dairy Cow Heat Load Index (DHLI) is based on the average panting score, black globe
temperature (°C), and relative humidity. By utilizing black globe temperature, DHLI can incorporate
the combined effects of ambient temperature, relative humidity, solar radiation, and wind speed into
a single unit of measurement [18], which was calculated using Eq 3.

DHLI=(1.681813x(1-+e—(850749:0206159-t0g:0.0485399-11)).1-0,0002) < (1.6812-0.0002)-1x100  (3)

where rh = relative humidity (%); tbg = black globe temperature (°C)

The Equivalent Temperature Index for cattle (ETIC) describes the perceived thermal condition
of the cow by air temperature, relative humidity, air speed, and solar radiation [19] and can be
calculated from Eq 4.

ETIC=ta—0.0038xTax(100-rh)-0.1173xWS0.707%(39.2-Ta)+1.86x10-4xTaxsr  (4)

where ta = environmental temperature (°C); rh = relative air humidity (%); ws = air speed (m s); sr =
solar radiation (W m-2).

2.2. Predictive Analysis and Model Performance

The database was composed of 19 attributes and 61 instances, including weather data (minimum
and maximum air temperature range,°C; minimum and maximum air humidity range, %; minimum
and maximum wind speed amplitude, m s-1; black globe temperature (Tbg); rain precipitation (mm
h-1), solar radiation, W m-2; and thermal stress indices Black Globe Temperature and Humidity
Index, BGHI; Respiratory Rate, RR; Heat load index for dairy cows, DHLL, and Equivalent
Temperature Index for cattle, ETIC). The database was pre-processed to compose an integrated
dataset for processing and validation through cross-validation.

In pre-processing, the data set was organized, cleaned (noise reduction/cleaning), and
discretized into classes to apply supervised machine learning techniques to build predictive
classification models with cross-validation of the data. The target attribute was created based on the
criteria for detecting heat waves considering the temperature interval between the minimum and
maximum temperature of the day; therefore, heat wave risk was considered at an amplitude above
10°C.

The following algorithms were applied in the data processing phase: J48 decision tree, Naive
Bayes, and Logistic Regression. The classifiers” performance was evaluated based on the metrics of
accuracy, precision, sensitivity (recall or true positive rate), Kappa statistics, Matthews correlation
coefficient (MCC), and confusion matrix [20] by applying the following equations (Eq. 5 to 9).

Accuracy=(VP+VN)/(VP+VN+FP+FN) (5)
Precision=VP/(VP+FP) (6)
Sensitivity=VP/(VP+FN) (7)

_ Pr(0) —Pr(e)
Kappa = Tr(e) 8)
MCC (VP *VN) — (FP = FN) ©)

" J(VP + FP) « (VP + FN) = (VN + FP) = (VN + FN)

where VP = true positive; VN = true negative; FP = falsepositive; FN = false negative; Pr(o) = observed
values; Pr(e) = aimed values.

A confusion matrix is a simple cross-tabulation of what is predicted by the actual classes. It is
the basis for calculating several accuracy measures, including accuracy and error or misclassification
rate. For each class, the number of correct answers is located on the matrix’s main diagonal, and the
other elements represent errors in the classification (Table 1).
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Table 1. Confusion matrix.

Predicted Class (model)

Actual class

(reference) Positive Negative Total
Positive VP EN P
Negative FP VN N
Total P N’ P+N=D +N'

VP = true positive; VN = true negative; FP = false positive; FN = false negative; P’ = total predicted positive values;
N’ = total predicted negative values; P = total positive values; N = total negative values. Source: [21].

2.3. Spearman Correlation Coefficient

Spearman’s correlation coefficient (o or rho) was calculated to assess whether the presence of a
heat wave is related to milk production. Correlations were calculated between milk production pairs
and temperature amplitude and wind speed amplitude that characterize heat waves and between
milk production pairs and Black Globe Humidity Index (BGHI), Respiratory Rate Index (RR), Dairy
Cow Heat Load Index (DHLI), Equivalent Temperature Index for cattle (ETIC), Air Temperature
Range (ATR), and Wind Speed Range (WSR).

3. Results and Discussion

The results of the general performance metrics and accuracy by model classes are presented in
Table 2. The accuracy of the decision tree models (J48), Naive Bayes, and Logistic Regression was
equal to 96.72%, 96.72%, and 98.36%, respectively. Incorrectly classified instances were equal to 3.28%
for decision tree (J48), 3.28% for Naive Bayes, and 1.64% for Logistic Regression. The Kappa statistic
was equal to 0.89 for decision tree (J48), 0.89 for Naive Bayes, and 0.94 for Logistic Regression.
Considering the detailed accuracy per class for the decision tree (J48), the precision was 98% (yes)
and 91.7% (no), the sensitivity was 98% (yes) and 91.7% (no), and the Matthews correlation coefficient
was equal to 89.6% (yes) and 89.6% (no).

In the Naive Bayes model, the accuracy was 96.1% (yes) and 100% (no), the sensitivity was 100%
(ves) and 83.3% (no), and the Matthews correlation coefficient was equal to 89.5% for both classes. In
the Logistic Regression model, the precision was 100% (yes) and 92.3% (no), the sensitivity was 98%
(yes) and 100% (no), and the Matthews Correlation Coefficient was equal to 100% (yes) and 100%
(no). These results indicate that all models predicted heat wave risk for lactating cows well. However,
the Logistic Regression model presented better overall results in performance metrics considering
precision, sensitivity, and MCC.

Table 2. Performance of prediction models for heat wave risk.

Overall
performance Decision tree Naive Bayes Logistic regression
metrics
Accuracy (%) 96.72 96.72 98.36
Incorrectly
classified instances 3.28 3.28 1.64
(%)
Kappa 0.89 0.89 0.94

Presence of risk of heat waves
Accuracy details

Yes No Yes No Yes No
by class
Precision (%) 98.0 91.7 96.1 100.0 100.0 92.3
Sensitivity (%) 98.0 91.7 100.0 83.3 98.0 100.0
MCC (%) 89.6 89.6 89.5 89.5 100.0 100.0

MCC: Matthews correlation coefficient.
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The results of the confusion matrix are presented in Table 3. The decision tree model correctly
classified 48 instances into the “yes” class and 11 instances into the “no” class for the risk of heat
waves. The Naive Bayes model correctly classified 49 instances into the “yes” class and 10 instances
into the “no” class for the risk of hot flashes. The Logistic Regression model correctly classified 48
instances into the “yes” class and 12 instances into the “no” class for the risk of heat waves. These
results indicate that all models predicted heat wave risk for lactating cows well. However, the model
that responded best in the confusion matrix metric was Logistic Regression, as it presented greater
sensitivity (yes = 98% and no = 100%) and better results in the metric that assesses model quality
(MCC: 100% for yes and not).

Table 3. Confusion matrix of predictive models.

P f risk of h
Decision tree (J48) model (ni) resence of risk of heat

waves
Yes No Total Classified as
48 1 49 Yes

1 11 12 No

49 12 61

Naive Bayes model (ni)

Yes No Total Classified as
49 0 49 Yes

2 10 12 No

51 10 61

Logistic regression model (ni)

Yes No Total Classified as
48 1 49 Yes

0 12 12 No

48 13 61

ni: number of instances.

Heat waves are increasingly frequent, persistent, and intense in almost all inhabited regions [22].
With increased environmental temperature, heat waves can threaten animal production, affecting
behavior and productivity [23]. Regions with humidity and temperatures cause adverse effects of
heat stress on animals due to low heat tolerance or low adaptation, which can be minimized with
heatwave forecasts. This generates indications for management adjustments for better behavioral and
physiological adaptation, such as facility improvements.

It takes animals three to four days to reach thermal balance through thermoregulation,
considering the reduction in body temperature for acclimatization. The interaction of climatic factors,
including preceding or consecutive climatic events, contributes to the effects of heat waves in an
extreme event [24].

The application of predictive models can help in the environmental management of the effects
of heat waves in terms of predictability. The thermal stress indices of the animals in the data set used
to build the model are risk indicators in managing the animal breeding environment [25].

Predicting the risk of heat waves for lactating cows can meet the need to predict the frequency
of heat waves for decision-making in environmental, nutritional, and health management to
minimize adverse impacts [22,25].

3.1. Heat Waves and Milk Yield

The results of the present study (Table 4) show that milk production had a very weak correlation
with WSR (0.01), BGHI (0.01), RRI (0.14), and ETIC (0.16) and a weak correlation for DHLI (0.30, p-
value = 0.02). However, only DHLI was significant (Table 4). ATR was negatively correlated with
milk production (-0.16, p-value = 0.21) but was also insignificant. The correlations between the RR
and the DHLI (0.76, p-value =< 0.0001), between the DHLI and the RRI (0.76, p-value =< 0.0001), and
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ETIC (0.77, p-value = < 0.0001) were strong and significant. The correlations were strong between
BGHI and RR (0.85, p-value =< 0.0001) and ETIC (0.81, p-value = < 0.0001) and very strong between
RR and ETIC (0.99, p-value = < 0.0001) and significant.

Table 4. Spearman’s correlations between bioclimatic indices and milk production.

Spearman’s o WSR  BGHI RRI DHLI ETIC Milk
Test production
ATR (rs) 1.0 0.52 0.68 0.32 0.11 0.29 -0.16
t-stats - 470 7.08 2.58 0.82 2.30 -1.28
pvalue  <0.0001 <0000 <0000  0.01 0.41 0.02 0.21
WSR (rs)  0.52 1.00 0.42 0.05 -0.10 -0.02 0.01
t-stats 470 - 3.56 0.41 -0.79 -0.16 0.07
p-value  <0.0001 <0000  0.001 0.68 0.43 0.88 0.94
BGHI (rs)  0.68 0.42 1 0.85 0.50 0.81 0.01
t-stats 7.08 3.56 - 1237 447 10.67 0.06
pvalue <0.0001  0.0007 <0000 <0000l  <0.0001  <0.0001 0.96
RRI(rs) 032 0.05 0.85 1 0.76 0.99 0.14
t-stats 2.58 0.41 1237 - 8.93 56.47 1.08
pvalue 00124 06815 <0000l <0000  <0.0001  <0.0001 0.29
DHLI (rs) 0.1 -0.10 0.50 0.76 1 0.77 0.30
t-stats 0.82 -0.79 447 8.93 - 9.15 2.40
pvalue 04137 04348 <0000 <0000l ~ <0.0001  <0.0001 0.02
ETIC (rs)  0.29 -0.02 0.81 0.99 0.77 1 0.16
t-stats 2.30 -0.16 10.67 56.47 9.15 - 1.24
pvalue 00248 08751 <0000 <0000l  <0.0001  <0.0001 0.22
Milk
production  -0.16 0.01 0.01 0.14 0.30 0.16 1
(rs)
t-stats  -1.28 0.07 0.06 1.08 2.40 1.24 -
pvalue 021 0.94 0.96 0.29 0.02 0.22 <0.0001

ART: Air Temperature Range; WSR: Wind Speed Range; BGHI: Black Globe Humidity Index; RR: Respiratory
Rate Index; DHLI: Dairy Cow Heat Load Index; ETIC: Equivalent Temperature Index for cattle.

The correlations between bioclimatic indices are strong and very strong as they significantly

impact the thermal conditions perceived by cows and include climatic factors, such as temperature,
humidity, wind speed, and solar radiation, to evaluate these indices to verify thermal stress. The ATR
and WSR correspond to the amplitude of variation in temperature and wind speed, which always
present high values during heat waves [22], strongly influencing the results of the indices and
consequently negatively affecting animal’s well-being [19].

However, the indices may not have significantly affected milk production due to the animals’
greater tolerance to heat and radiation in this region of the extreme north of Brazil, which does not
mean that it does not affect well-being and the sensation of thermal comfort proven by the increase
in the positive correlation between RRI and BGHI and ETIC. Tolerance to heat or extreme climates
and a greater frequency of heat waves will require constant genetic adjustments in reproduction and
production traits to have economic relevance in production systems due to the climate impact of
global warming [26,27].

With the current climate, rising temperatures, and more frequent heat waves, the thermal
comfort conditions of cows raised on pasture are more affected than animals in facilities with
controlled environments. Climate change could significantly affect milk-producing livestock,
especially regarding the increasing severity of heat waves [6,8,27,28].

4. Conclusions

The performance in the evaluation metrics of the Logistic Regression prediction model was
better than that of the decision tree and Naive Bayes models. All algorithms have similar performance
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metrics regarding the classification task; however, the Logistic Regression model predicts quality
when using data sets with the complexity of environmental attributes and thermal stress indices.

The bioclimatic indices had weak, non-significant correlations with milk production. However,
we found strong correlations between BGHI, RRI, and DHLI, indicating that cows’ heat tolerance,
even with large thermal and wind amplitudes, does not favor the thermal balance, leading to a high
correlation between RRI and ETIC.
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