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Abstract

This paper provides a framework for measuring honey-production risk that complements

standard mean-based analyses by explicitly targeting downside tail risk. Using hive-weight

data from Italian hives over the period 2021–2024, downside tail risk is quantified through

the Honey-at-Risk (HaR) metric, defined as the quantile of aggregate daily production shocks

for groups of hives exposed to homogeneous climatic conditions. The aggregate shock dis-

tribution is modeled based on a flexible meta-distributional framework that combines hive-

specific marginal distributions with a copula for the cluster dependence structure, allowing

for improved accuracy in representing heterogeneous marginal behavior and cross-hive de-

pendence. The implementation of HaR documents substantial spatial heterogeneity, with

mountain clusters facing not only higher downside tail risk but also higher variability in the

magnitude of the risk measure, compared to plains and hills. Moreover, logistic regressions

suggest that extreme losses, that is, losses exceeding HaR, are associated with climatic con-

ditions (specifically, with atmospheric temperature), through two distinct effects: average

daily temperature is negatively related to the probability of extreme losses, while extreme re-

alizations of daily maximum temperature tend to increase this probability. Taken together,

these results position HaR as an operational complement to elasticity-based assessments,

enabling the identification of high-risk areas and supporting targeted adaptation measures

as well as the design of weather-indexed insurance and compensation schemes.

Keywords: honey production risk, temperature risk, climate change, copulae, extreme events
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1 Introduction

Honeybees, specifically the Apis mellifera species, are pivotal for human society, as they sig-

nificantly contribute to crop production through pollination. Indeed, honeybees affect 35% of

the global food supply, including the pollination of 70% of the world’s most crucial crop species

(Tscharntke et al., 2012), and thus have a profound impact on the global economy (Delaplane

et al., 2000; Klein et al., 2007; Garibaldi et al., 2014). Moreover, honeybees are notable for the

production of honey, a commodity which represents a multi-billion-euro global market: in 2022,

the European Union, housing 20 million beehives and producing 218,000 tons of honey, stood as

the second-largest producer globally, trailing China1.

Climatic variability is a primary determinant of honey production. While other key factors,

such as pests and diseases, can be mitigated through effective beekeeping practices, the influence

of climate, which affects flowering phenology and consequently nectar and pollen availability,

remains largely exogenous (van Engelsdorp and Meixner, 2010; Van Espen et al., 2023; Potts

et al., 2010; Calovi et al., 2021). Indeed, climate change is anticipated to alter the current land-

scape of honey production (Holmes, 2002; Gordo and Sanz, 2006; Le Conte and Navajas, 2008;

Switanek et al., 2017; Flores et al., 2019; Solovev, 2020), with notable impacts on countries like

Italy, where beekeepers have already observed drastic fluctuations in honey yields, experiencing

losses of up to 70% (Porrini et al., 2016; Gray et al., 2019).

To address these challenges, the insurance industry has introduced products that cover

climate-related risks, but their diffusion remains limited by the difficulty of constructing reli-

able pricing models (Colivicchi et al., 2025). In this context, the availability of quantitative

indicators of the risk of extreme honey-production losses, as well as reliable assessments of the

beekeepers’ exposure to this risk, becomes crucial not only for designing effective insurance prod-

ucts but also for informing policy interventions and public support measures aimed at mitigating

the severe consequences of climate change on honey production.

The contribution of this paper is to move in this direction by introducing and carefully

implementing a simple quantitative indicator, termed Honey-at-risk (HaR), that gauges the risk

of extreme losses in honey production for clusters of hives exposed to homogeneous climatic

conditions. Similarly to the Value-at-Risk metric employed in financial econometrics (see Ch. 2

of McNeil et al. (2015)), we define HaR as the α-quantile of the distribution of a cluster’s

aggregate honey production shock, measured in kilograms. In other words, HaR denotes the

cluster-wise aggregate honey production shock that will not be exceeded with probability α and

thus summarizes downside tail risk at the cluster level.

Several empirical studies have investigated the relationship between climatic conditions and

honey production by focusing on the modeling of average yields, typically at seasonal or an-

nual frequency. These include regression-based analyses linking honey yield to temperature and

flowering conditions (Langowska et al., 2017), spatial regressions of honey productivity at the

regional level (Tassinari et al., 2013), as well as more recent applications combining multiple

meteorological variables to explain or predict average production levels (Sahin Demirel, 2025;

Masaka, 2023). However, these methodological approaches do not provide information about the

1https://agriculture.ec.europa.eu/farming/animal-products/honey_en.
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likelihood and magnitude of extreme losses, a piece of information which is particularly relevant

in the presence of heavy-tailed production shocks such as those induced by climate change. By

contrast, the HaR framework explicitly targets the lower tail of a cluster’s production-shock

distribution, thereby complementing standard analyses focused on average losses.

We implemented the HaR metric at the daily level using a unique dataset that allows extract-

ing hive weight time series covering the period 2021–2024 for several locations within the Italian

territory. In doing so, we followed a numerical procedure based on the Monte Carlo simulation

of the dependence structure and the marginal distributions of the production shocks of clusters,

which yields flexibility and improved accuracy in the multivariate modeling of tail events (see

Ch. 7 of McNeil et al. (2015)). The results we obtained reveal a pronounced heterogeneity in

HaR values across altitude categories, with mountain areas exhibiting not only a higher risk of

extreme losses, compared to plains and hills, but also higher variability in HaR values. Moreover,

in a logistic regression framework, we investigated the relationship between the likelihood of ex-

treme daily production losses - defined as losses exceeding the estimated HaR metric at a given

confidence level - and atmospheric temperature. Temperature represents a key driver of honey

production, as it directly affects bees’ foraging activity, colony thermal regulation, and nectar

availability Burrill and Dietz (1981), Stabentheiner et al. (2010), Petanidou and Smets (1996),

Vincze et al. (2025). Specifically, our analysis included not only the mean daily temperature but

also extreme temperature realizations, modelled as a binary variable equal to one in the presence

of a peak in the daily maximum temperatures exceeding a given threshold and to zero otherwise.

As for the role of the mean temperature, the results we obtained suggest that a statistically-

significant negative link exists between the latter and the likelihood of extreme losses. This

phenomenon can be explained by the sensitivity of honeybee colonies to low temperatures, which

can impair colony development and reduce foraging activity, by slowing brood rearing, reducing

worker emergence, and increasing physiological stress during the critical transition from winter

to the foraging season, see, e.g., Vincze et al. (2025); Gordo and Sanz (2006). Consequently,

our results suggest that periods characterized by lower average temperatures may increase the

probability of severe production losses.

With regard to maxima peaks, we found that the latter were associated with an increase

in the likelihood of extreme losses in all years analyzed. This is consistent with the literature

showing that excessive heat, especially during flowering periods, reduces nectar secretion (Takkis

et al. (2015)) and shortens bloom duration (Descamps et al. (2021)).

However, in our study, the link between extreme-loss probability and temperature maxima

peaks was statistically significant in 2021, 2023, and 2024, but not in 2022. This might be

justified by noting that cluster-level daily maximum temperatures in 2022 never exceeded 39.1°C
in our sample, while critical thermal thresholds for domestic honeybee activity are estimated to

be above 40°C (Vincze et al., 2025). By contrast, in the other years of the sample, temperature

maxima surpassed 40°C, making peak realizations more likely to be associated with impactful

heat stress.

The remainder of the paper is organized as follows. Section 2 details the dataset properties,

the procedure followed to extract daily time series and the analysis of the properties of such series.

Section 3 includes the illustration of the parametric model we adopted as the data-generating
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process, the definition of the HaR metric and the description of the estimation procedure thereof.

Section 4 illustrates empirical results related to HaR implementation and investigates the link

between HaR exceedances and atmospheric temperature. Section 5 discusses empirical results

and their policy implications. Finally, Section 6 concludes.

2 Data

In this section, we describe the high-frequency dataset of intraday hive weight recordings em-

ployed in our study, outline the procedure used to construct the daily hive weight time series

that serve as the inputs to our analysis, and summarize their main statistical properties.

2.1 Dataset description

The dataset employed in our study was provided by the Italian technology company 3Bee S.R.L.2.

It comprises hive weight observations collected from sensors installed on beehives, recorded ap-

proximately every three hours. The dataset covers hundreds of hives located across Italy over

the period from 2021 to 2024. Each year, the monitoring network expands as additional hives

are equipped with sensors, hence both the depth of available data and the geographical coverage

across the Italian territory increase. However, the composition of the monitored sample is not

strictly incremental: some hives are newly added, while others are removed from observation.

Nonetheless, the dataset captures a wide range of environmental conditions, as the recorded hives

span diverse landscapes and altitudes.

2.2 Daily series extraction

To overcome the presence of gaps at the intraday level, we extracted daily hive weight time series

from the dataset.

As a preliminary step, for each year covered by the sample, we restricted our focus to the

period between April 1 and September 30, which roughly corresponds to the period when honey

is produced (Dolezal et al., 2019), and retained only the hives that were not subject to nomadism

during that period, that is, hives whose location was stationary (Mezentsev, 2024).

Then, we resampled the intraday recordings relative to those hives to the daily frequency.

Specifically, we retained the recording whose timestamp was the closest to 21:00 CET as the

representative daily weight for a given hive, treating the daily value as missing when no obser-

vation was recorded between 20:00 CET and 23:59 CET. Hives with at least one missing daily

observation were discarded.

Finally, we computed daily weight changes and corrected for outliers using a conservative

procedure3. Specifically, a threshold proportional to the quantity of 1.2 kg per hour was adopted

to flag outliers, in accordance with Arias-Calluari et al. (2023a). Larger Variations were replaced

2https://www.3bee.com/en/
3Outliers may be caused by beekeepers’ actions, e.g., the removal of honey from the hive (negative outliers) or

the accidental placement of additional equipment or weights on the hive (positive outliers).
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with a three-day exponentially weighted moving average (EWMA), while smaller variations were

set to zero. Eventually, we were able to extract daily hive weight change time series for 124 hives

in 2021, 304 in 2022, 458 in 2023, and 457 in 2024.

To the best of our knowledge, no other study combines comparable spatial and temporal with

daily high-frequency sampling, the typical sampling frequency employed being the monthly or

the yearly one. In fact, high-frequency hive-weight series analyzed in the literature are typically

narrower in both sample size and duration. For instance, Arias-Calluari et al. (2023b) report

small-scale recordings from ten hives in Australia; Kulyukin et al. (2024) analyze a single-season

monitoring of managed colonies in the United States; Senger et al. (2024) present a 78-hive

dataset from Germany; Czekońska et al. (2023) provide a two-season 104-hive landscape dataset

from Poland; and Zhu et al. (2024) introduce a 53-hive longitudinal multi-sensor dataset from

Québec.

2.3 Daily series properties

Firstly, we tested for stationarity using the Augmented Dickey–Fuller test, see (Dickey and Fuller,

1979), at the 5% significance level, and obtained evidence that the null hypothesis of a unit root

is rejected for all series across the different years of study.

Next, we examined the autocorrelation structure. Figure 1 presents the partial autocorre-

lation functions (PACF) for four representative hives that are present across all years of the

dataset4. In these examples, the first few lags of the PACFs, particularly lags 1 through 3,

are often significant. This evidence suggests that a low-order auto-regressive (AR) specification

may represent a suitable modeling framework for daily hive weight changes. Moreover, to gain

insight into the distributional modeling of the innovations in the AR framework, we analyzed

the empirical distribution of daily hive weight changes. Figure 2 displays histograms for the

representative hives, together with fitted Gaussian and Student-t distributions, obtained using

maximum likelihood. The plots suggest that the Student-t distribution provides a better fit than

the Gaussian, as it captures the heavy-tailed behavior present in the empirical data.

Based on these empirical observations, in Section 3 we model the dynamics of hive weights by

fitting autoregressive models of order up to 3, with the innovation term’s distribution specified

either as a Student-t or a Gaussian5.

4The representative hives correspond to different Italian regions: hive 1 was located in Piedmont at coordinates

(45.686◦N, 8.193◦E); hive 2 in Piedmont at (44.722◦N, 8.979◦E); hive 3 in Lombardy at (45.399◦N, 9.134◦E);
and hive 4 in Campania at (40.837◦N, 15.330◦E).

5We also allowed for the Gaussian specification since it represents an adequate modeling choice for a minority

of hives, see the supplementary material.
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Figure 1: PACF of daily hive weight variation for hives 1–4 (top → bottom) across years 2021–

2024 (left → right). The hives are located in the Italian regions of Piedmont (hives 1 and 2),

Lombardy (hive 3), and Campania (hive 4).
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Figure 2: Empirical distributions of daily weight hive weight variation for hives 1–4 (top →
bottom) across years 2021–2024 (left → right). The orange and green curves correspond to the

fitted Normal and Student-t densities, respectively. The hives are located in the Italian regions

of Piedmont (hives 1 and 2), Lombardy (hive 3), and Campania (hive 4).
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3 Methodology

In this section, we describe the methodological aspects related to HaR estimation. Firstly, we

illustrate the procedure that we used to group hives into clusters reflecting homogeneous climatic

conditions. Then, we introduce the parametric data-generating process that we employed to

model hive weight dynamics and isolate shocks cluster-wise. Finally, we define the HaR metric

for the shocks of a given cluster and detail a numerical procedure to estimate it.

3.1 Clustering

To aggregate hives into clusters reflecting homogeneous climatic conditions, we designed a pro-

cedure that jointly accounts for geographic location and altitude. For each year, we classified

hives into altitude-based categories using elevation thresholds: plains (< 300 m), hills (300−600

m), mountains (> 600 m).

In the rest of the paper, we will refer to these three categories using P , H and M . We then

assigned each hive to an Italian administrative region based on geographical coordinates. For

each year and for each subset of hives falling in the same region and the same altitude category,

we applied hierarchical agglomerative clustering using Ward’s linkage method (Ward Jr, 1963)

on hive coordinates (latitude and longitude). To enforce balanced group sizes, we implemented

a recursive splitting algorithm: whenever a cluster exceeded a maximum size of 10 hives, we

partitioned it into two subgroups and recursively applied the procedure until all clusters respected

the size constraint. This approach allowed us to form clusters that are geographically compact6.

Figure 3 shows the spatial distribution of hive clusters for each altitude category and year.

6If the regional constraint was not included, but only altitude was considered, the algorithm could lead to

clusters spanning multiple and possibly very distant regions (although including hives with similar altitude),

thereby not reflecting truly homogeneous climatic conditions.
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Figure 3: Maps by category P , H, and M (left→right) for the years 2021–2024 (top→bottom).

Each marker is centered at the medoid, that is, the hive location that minimizes the sum of

geodesic distances to all other hives in the cluster. Marker areas scale with a cluster’s spread,

defined as the maximum great-circle distance from the medoid to its member hives (haversine

metric). The mountain category M is further divided into three subgroups, M1 (600–900 m),

M2 (900–1200 m) and M3 (≥1200 m), to better appreciate altitude-related differences.
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3.2 Statistical modeling

Let Jy and N j,y denote, respectively, the number of clusters formed for year y, with y ∈
{2021, 2022, 2023, 2024}, and the number of hives belonging to the j-th cluster in year y. For

brevity, in the rest of the Section, we drop the superscript y and consider a generic year. Since

we focused on the period April 1 - September 30, in every year of study, we have T = 183 hive

weight observations for a single hive.

For t = 1, ..., T , j = 1, ..., J , and i = 1, ..., N j , let wj
i,t denote the weight of the i-th hive in

the j-th cluster on day t. The variable of interest in our study is the daily variation in the hive

weight, that is,

yji,t := wj
i,t − wj

i,t−1, t > 1.

Based on the empirical evidence from Section 2.3, for each j and i, we assume that yji,t is an AR

process of order P j
i , that is,

yji,t = ϕ̄j
i +

P j
i∑

k=1

ϕj
i,ky

j
i,t−k + εji,t, (1)

where, for each j and t, εjt := (εj1,t, . . . , ε
j
Nj ,t

) is a vector of random shocks following a meta-

distribution, that is, a joint distribution with arbitrary copula and margins (see Sklar (1959))7.

We assume that the joint distribution of εjt is stationary, that is, its margins and copula

are the same at every t. Furthermore, for each j, we assume that the N j-dimensional sequence

{εjt}t=1,...,T is independent through time. In our implementation, we considered two alternative

parametric specifications for the copula of εjt , namely the Gaussian copula CG
Cj and the t copula

CT
νj ,Cj , where Cj is a N j ×N j correlation matrix and νj indicates the degrees of freedom. Fur-

thermore, we considered two alternative parametric specifications for the marginal distributions,

that is, a zero-mean Gaussian distribution N (0, σj
i ), where σj

i indicates standard deviation of

the i-th hive in the j-th cluster, and a zero-mean t distribution t(0, γj
i , ν

j
i ), where γj

i and νji > 2

represent, respectively, the scale parameter and the degrees of freedom of the i-th hive in the j-th

cluster. Note that the t copula implies the existence of tail dependence between pairs of shocks,

while t-distributed margins account for extreme events (see Ch. 7 of McNeil et al. (2015)).

3.3 Honey-at-Risk

3.3.1 Definition

Consider the j-th cluster. For a given time t, we define the cluster-wise average shock in the hive

weight as

Lj
t :=

1

N j

Nj∑

i=1

εji,t,

7As discussed in Ch. 7 of McNeil et al. (2015), compared to a multivariate parametric model (e.g., a multivariate

Normal or Student t distribution), the choice of a meta-distribution may increase flexibility and provide improved

accuracy by allowing for the separate modeling of the marginal distributions and the copula of a multidimensional

random vector. In our context, this aspect is particularly crucial for adequately modeling the univariate tails and

the joint tails of the production shocks in cluster.
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where εji,t comes from model (1), and denote by FLj its cumulative distribution function (c.d.f.).

Then, the Honey-at-Risk metric for the j-th cluster at the confidence level α ∈ (0, 1) is defined

as

HaRα(Lj) = inf{x ∈ R : FLj (x) ≥ α}.

The estimator of Lj
t that we employ in our study is given by

Lj
t :=

1

N j

Nj∑

i=1

eji,t, (2)

where eji,t is the residual from the estimation of model (1) for the i-th hive in j-th cluster at time

t. The associated Honey-at-Risk estimator for the j-th cluster at the confidence level α ∈ (0, 1)

reads as

HaRα(Lj) = inf{x ∈ R : FLj (x) ≥ α},

where FLj denotes the empirical c.d.f. of Lj
t .

3.3.2 Estimation procedure

For the estimation of the HaR metric, we followed four steps (see Ch. 7 of McNeil et al. (2015)).

Step 1: Univariate model estimation. The first step involves the estimation of the

model in (1) for each hive in the cluster. For this task, we used OLS and estimated the model

parameters for different lag orders. Eventually, we selected the combination of the lag param-

eter P j
i and residual distribution that optimizes the Bayesian Information Criterion (BIC), see

Schwarz (1978). As a result, for each i in cluster j, we obtained the AR parameter estimates

(ϕ̂j
i,0, ϕ̂

j
i,1, ..., ϕ̂

j

i,P̂ j
i

) and the residual parameter estimates (σ̂j
i , ν̂

j
i ), in the case of a t-distributed

shock, or σ̂j
i in the case of a Gaussian shock. Estimated parameter values are reported in the

supplementary material, Tables 1–4.

Step 2: Copula estimation. Let {eji,t}t=1,...,T denote the series of residuals from step 1

for hive i in cluster j. In the second step, we used the series of residuals to select a copula model

for the dependence structure among the shocks. Firstly, using the model’s residuals, for each i

in cluster j and for each time t, we obtained the so-called copula pseudo-observations, defined as

uj
i,t :=

1

T + 1

T∑

s=1

1{eji,s ≤ eji,t}
.

Then, we employed the pseudo-observations to perform the maximum likelihood estimation of the

copula models CG
Cj and CT

νj ,Cj and retained the one with the smallest BIC. Estimated parameter

values are reported in the supplementary material, Tables 5–8.

Step 3: Meta-distribution simulation. In the third step, we simulated the meta-

distribution of the shocks in cluster j. Specifically, we first simulated a number S of N j-

dimensional samples of length T of the selected copula model. Then, we applied the quantile

12



transform to turn such samples into samples from the estimated meta-distribution. Specifically,

depending on the fitted marginal model, we performed either the transform

ẽj,si,t = σ̂j
i t

−1

ν̂j
i

(
ũj,s
i,t

)
,

where t−1

νj
i

denotes the inverse of a zero-mean, unit-variance t distribution with νji degrees of

freedom, or the transform

ẽj,si,t = σ̂iΦ
−1
(
ũj,s
i,t

)
,

where Φ−1 denotes the inverse of the standard normal c.d.f.

Step 4: HaR computation. In the last step, for every simulated sample s ∈ {1, ..., S}, we

reconstructed the cluster-wise average hive residual weight changes, that is,

L̃j,s
t :=

1

N j

Nj∑

i=1

ẽj,si,t ,

and obtained HaR values denoted by

HaRα(L̃j,s) := inf{x ∈ R : FL̃j,s(x) ≥ α},

where FL̃j,s denotes the empirical c.d.f. of L̃j,s
t on the s-th simulated path.

The Monte Carlo HaR (MC-HaR) estimate for the j-th cluster was obtained as the average

HaR over the S simulated samples, that is, as

MC-HaRj
α :=

1

S

S∑

s=1

HaRα(L̃j,s). (3)

4 Results

In this section, we illustrate empirical HaR estimates and investigate the link between extreme

honey production losses, that is, losses that are smaller than HaR at a given confidence level,

and atmospheric temperature. We first provide graphical evidence of the distribution of HaR

estimates across the Italian territory and then summarize them through averages for clusters

in the same region and altitude category, highlighting significant differences in magnitude and

dispersion across altitude categories. Then, we implement a logistic regression to study the link

between the likelihood of an extreme honey production loss in a given cluster and the average,

minima and maxima temperatures associated with the cluster, at the daily level.

4.1 HaR estimates

We obtained cluster-wise MC-HaR values at the 10% confidence level, using S = 105 iterations.

Figure 4 displays estimation results for the different altitude categories over the period 2021–2024.
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To more effectively summarize estimation results, for each year under study, we also report

average MC-HaR values for clusters in the same region and the same altitude category. Specifi-

cally, we define such an average in year y as

Hy
r,c,α :=

1

#Ey
r,c

Jy∑

j=1

MC-HaRj,y
α 1{j∈Ey

r,c}

where MC-HaRj,y
α is defined in (3)8, Ey

r,c denotes the subset of clusters belonging to the Italian

administrative region r and the altitude category c ∈ {P,H,M} in year y and #Ey
r,c indicates

its cardinality.

Tables 1–39 detail, for each altitude category, the values of Hy
r,c,α for α = 10%.

We make the following remarks on the estimation results. Firstly, altitude appears to influence

the magnitude of MC-HaR. For each year y and region r, to assess relative risk across altitude

categories, we computed the differences

∆M,PH
y
r,α := Hy

r,M,α −Hy
r,P,α, (4)

∆M,HHy
r,α := Hy

r,M,α −Hy
r,H,α (5)

and

∆H,PH
y
r,α := Hy

r,H,α −Hy
r,P,α. (6)

If, e.g., ∆M,PH
y
r,α < 0, the risk is higher in the M category, compared to the P category, in

the region r during year y. For α = 10%, we found that ∆M,PH
y
r,α,∆M,HHy

r,α and ∆H,PH
y
r,α

are negative in, respectively, 71%, 70% and 58% of the instances across all years and regions,

with average values of −0.30, −0.32 and −0.06. Such values suggest that a significant difference

in MC-HaR magnitude is experienced, on average, in the M category compared to the other two

categories, while no significant difference is experienced, on average, in the H category compared

to the P category. To provide further support to this finding, we run two-sided t-tests on the

sample values of (4), (5) and (6), under the null of a zero mean, and found p-values equal to

0.0143, 0.0028 and 0.558 for respectively (4), (5) and (6).

Secondly, dispersion seems to vary substantially across altitude categories. For α = 10%,

in the P category, average MC-HaR values are relatively homogeneous across regions, typically

concentrated between −0.7 and −1.5. By contrast, the M category displays much wider variation:

in some northern regions (e.g., Lombardy, Veneto, Trentino-Alto Adige) average MC-HaR often

falls below −2, while in central and southern regions, values remain closer to −1. This suggests

that mountainous areas are not only exposed to higher risk on average but also subject to greater

spatial heterogeneity.

8Here we add the superscript y to indicate the estimation year.
9For some regions, the number of clusters grows importantly from 2021 to 2023, reflecting the expansion of

the dataset. For example, Emilia-Romagna and Lombardy show a noticeable increase in the number of clusters

within the P category. Instead, the changes in the number of clusters between 2023 and 2024 are less pronounced,

in line with the stabilization of the growth of the dataset.
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Figure 4: Maps for altitude categories P , H, and M (left→right) and years 2021–2024

(top→bottom), showing cluster-wise MC-HaR estimates at α = 10%. The area of each cir-

cle is proportional to the corresponding cluster’s MC-HaR value, with larger markers indicating

higher estimated risk.
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2021 2022 2023 2024

# Cl Mean # Cl Mean # Cl Mean # Cl Mean

Abruzzo 1 -1.026 1 -1.847 1 -0.795 1 -1.172

Basilicata 1 -1.856 - - 1 -0.007 1 -1.259

Calabria 1 -0.464 1 -2.254 1 -1.037 1 -0.656

Campania 1 -1.232 1 -0.714 2 -0.913 1 -0.908

Emilia-Romagna 2 -1.069 7 -1.063 8 -1.365 6 -1.421

Friuli-Venezia Giulia 1 -0.568 1 -0.803 1 -0.841 1 -0.749

Lazio - - 1 -0.851 2 -0.977 4 -1.249

Liguria 1 -1.594 2 -1.488 3 -1.351 1 -1.427

Lombardia 3 -1.149 4 -1.401 10 -1.558 8 -1.355

Marche 1 -0.571 1 -0.781 2 -1.273 2 -1.139

Molise 1 -4.435 - - 1 -3.500 1 -1.066

Piemonte 1 -1.011 1 -1.960 3 -1.617 4 -1.083

Puglia 1 -1.148 1 -1.153 1 -1.307 1 -0.792

Sardegna 1 -2.559 1 -1.443 1 -1.182 1 -1.063

Sicilia 1 -1.401 1 -1.608 2 -1.222 2 -0.715

Toscana 1 -0.667 2 -1.322 4 -0.991 4 -1.242

Trentino-Alto Adige - - - - 1 -1.729 1 -0.813

Umbria - - 1 -0.967 1 -0.925 1 -0.982

Valle d’Aosta - - - - - - - -

Veneto 1 -1.070 2 -1.687 4 -1.130 6 -2.250

Table 1: Average MC-HaR by year and region for the plain category (P ) at α = 10%. For

each year and region, the table reports the number of clusters (# Cl) and the cluster-wise mean

(Mean).
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2021 2022 2023 2024

# Cl Mean # Cl Mean # Cl Mean # Cl Mean

Abruzzo - - - - 1 -1.007 1 -0.618

Basilicata - - 1 -1.599 1 -2.772 1 -0.967

Calabria - - 1 -1.231 - - 1 -1.767

Campania - - 1 -1.352 1 -1.225 1 -0.912

Emilia-Romagna 1 -1.256 1 -1.090 1 -1.094 1 -1.646

Friuli-Venezia Giulia - - - - - - - -

Lazio - - 1 -0.950 1 -0.576 1 -3.038

Liguria 1 -3.084 1 -1.209 1 -1.777 1 -0.771

Lombardia 1 -0.644 5 -1.486 3 -1.962 4 -1.970

Marche 1 -0.924 2 -1.127 1 -1.607 1 -1.568

Molise 1 -1.520 - - - - 1 -0.996

Piemonte 1 -1.885 2 -2.098 4 -1.609 3 -1.697

Puglia - - - - - - 1 -1.576

Sardegna 1 -1.071 1 -0.159 1 -0.525 - -

Sicilia - - 1 -1.579 1 -1.052 1 -0.776

Toscana 1 -1.014 1 -1.776 1 -1.010 1 -1.254

Trentino-Alto Adige 1 -1.378 1 -0.725 1 -1.545 1 -2.047

Umbria - - - - 1 -1.117 1 -0.977

Valle d’Aosta - - - - 1 -2.489 1 -2.236

Veneto - - 1 -0.952 1 -0.796 1 -1.786

Table 2: Average MC-HaR by year and region for the hill category (H) at α = 10%. For each

year and region, the table reports the number of clusters retained (# Cl) and the cluster-wise

mean (Mean).
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2021 2022 2023 2024

# Cl Mean # Cl Mean # Cl Mean # Cl Mean

Abruzzo 1 -0.488 2 -1.651 2 -0.977 1 -1.084

Basilicata 1 -2.000 2 -1.224 1 -1.997 1 -1.175

Calabria - - 1 -1.259 1 -2.400 3 -1.777

Campania 1 -1.600 1 -1.462 1 -0.803 1 -1.611

Emilia-Romagna - - - - 1 -1.755 1 -2.414

Friuli-Venezia Giulia - - - - - - - -

Lazio - - 1 -1.519 1 -2.400 - -

Liguria - - 2 -2.749 2 -1.576 2 -1.848

Lombardia 2 -1.522 1 -1.335 2 -2.055 3 -2.796

Marche 1 -0.604 1 -0.857 1 -0.678 1 -1.482

Molise - - 1 -0.781 2 -1.090 1 -1.520

Piemonte 1 -2.044 1 -2.514 1 -2.187 1 -1.915

Puglia - - - - - - - -

Sardegna 1 -0.763 - - - - - -

Sicilia 1 -0.631 1 -1.413 1 -1.264 1 -0.815

Toscana - - 1 -0.628 1 -2.785 1 -2.600

Trentino-Alto Adige 3 -1.631 2 -1.406 2 -1.802 2 -2.475

Umbria - - - - - - - -

Valle d’Aosta - - - - - - - -

Veneto 1 -0.788 2 -2.610 2 -1.195 2 -2.432

Table 3: Average MC-HaR by year and region for the aggregated mountain category (M) at

α = 10%. For each year and region, the table reports the number of clusters retained (# Cl)

and the cluster-wise mean (Mean).

4.2 HaR exceedances and atmospheric temperature

In this section, we study the link between atmospheric temperature and the occurrence of extreme

daily honey production losses in our dataset.

For each cluster j and day t in year y, we defined the binary variable

Zj,y
t,α := 1{Lj,y

t <MC-HaRj,y
α },

where Lj,y
t and MC-HaRj,y

α are given, resp., in (2) and (3)10. If Zj,y
t,α = 1, we are in the presence

of an extreme loss for cluster j on day t of year y, in the sense that the loss exceeds, in absolute

value, the risk measure computed at the confidence level α.

Moreover, letting Aj,y
t and M j,y

t denote, resp., the daily average and maximum atmospheric

10The superscript y is added to indicate the estimation year.
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temperature recording associated with cluster j on day t of year y, we defined the binary variable

U j,y
t := 1{Mj,y

t ≥ϑj,y
U },

where ϑj,y
U denotes a suitable real-valued threshold associated with cluster j and year y11. If

U j,y
t = 1, the daily maximum temperature on day t of year y associated with cluster j violates

the threshold, indicating an extreme realization of the temperature maximum12.

For each year y considered in our study, we estimated the following logistic regression model:

ln

(
P (Zj,y

t,α = 1|U j,y
t , Aj,y

t )

1 − P (Zj,y
t,α = 1|U j,y

t , Aj,y
t )

)
= β0 + β1A

j,y
t + β2U

j,y
t , (7)

where j ∈ {1, . . . , Jy}, t ∈ {1, . . . , T} and β0, β1 and β2 are real-valued coefficients.

In implementing model (7), we employed atmospheric temperature data from the Copernicus

ERA 5 database13. Specifically, we downloaded hourly observations for the 2-meter atmospheric

temperature and computed daily averages and maxima. For each cluster, we used temperatures

recorded in correspondence with the medoid of the cluster, that is, the hive location that mini-

mizes the sum of geodesic distances to all other hives in the cluster. The confidence level α was

set at 0.25, a value which reflects a compromise between targeting relatively extreme realizations

and retaining a sufficiently large number of exceedances for statistical analysis. The threshold

ϑj,y
U was chosen as the 0.95-quantile of the daily maxima associated with cluster j on year y.

Table 4 illustrates the results of the estimation of the model in (7) for 2021, 2022, 2023 and

2024. The intercept is negative and statistically significant for all the years considered. The

coefficient β1 shows negative and statistically significant values in all years of study, indicating

that days characterized by warmer average temperatures were associated with a lower probability

of extreme losses. The values of β2 are positive throughout the period of study and suggest that

the occurrence of hot-temperature peaks was associated with an increase in the odds of extreme

losses. If we exclude 2022, the estimates of β2 can be deemed statistically significant at the usual

5% significance level, the largest p-value being 0.033 in 2021. The lack of statistical significance

in 2022 can be justified by the fact that the highest value of the daily maximum temperature

records is only 39.1°C in 2022, well below the corresponding quantity for the other years of

study (41.5°C in 2021, 42.3°C in 2023, and 40.4°C in 2024). As the presence of maxima peaks

is detected relative to each year’s maxima distribution (specifically, relative to the year-specific

95-th percentile), the peaks of 2022 may not correspond to values typically associated with

extreme-heat stress for honeybees, in that the literature places such values above 40°C (see, e.g.,

Vincze et al. (2025)).

11A cluster- and year-specific threshold reflects local climatic conditions, allowing temperature maxima peaks

to be carefully identified across heterogeneous environments, unlike in the case of a fixed absolute threshold

independent of the cluster and/or the year.
12We recall that the study employs time series sampled over the period April 1 - September 30, during which

peaks of excessive heat may play a crucial role.
13https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels
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Year coefficient estimate std error p-value

2021 β0 -2.069 0.120 0

β1 -0.034 0.007 0

β2 0.294 0.138 0.033

2022 β0 -2.476 0.152 0

β1 -0.030 0.008 0

β2 0.077 0.125 0.537

2023 β0 -2.037 0.132 0

β1 -0.068 0.007 0

β2 0.367 0.118 0.002

2024 β0 -2.726 0.136 0

β1 -0.039 0.007 0

β2 0.276 0.117 0.018

Table 4: Estimation results for the model in (7). P-values smaller than 10−3 are reported as 0.

5 Discussion

5.1 Interpretation

The geographical pattern of HaR estimates indicates that downside tail risk related to honey

production was unevenly distributed across Italy during the period of study. In particular, clus-

ters located in mountainous areas exhibited not only higher exposure to such risks but also

greater dispersion of HaR values, compared to plains and hills. This evidence suggests that

higher-altitude increases the risk of extreme adverse realizations. This finding can be explained

not only by the more erratic weather and shorter flowering periods typical of high-altitude envi-

ronments, but also by the longer duration of foraging trips and the reduced rate of flower visits

per unit of time. Together, these factors may result in a shorter foraging window and a higher

energy expenditure for bees at higher elevations. In addition, the prolonged winters typical of

high-altitude environments require colonies to rely more heavily on their stored reserves, which

can leave insufficient surplus honey for harvest. By contrast, lowland areas are typically associ-

ated with longer foraging seasons and more stable climatic regimes, which tend to mitigate the

occurrence of extreme negative production shocks.

Regarding the link between atmospheric temperature and losses exceeding HaR, the existing

literature has extensively documented that temperature matters for honeybee activity, colony

performance, and ultimately honey production (González-Varo et al., 2013; Abou-Shaara et al.,

2017; Meikle et al., 2018; Norrström et al., 2021; Zhao et al., 2021; Gounari et al., 2022; Porras

et al., 2023; O’Connell et al., 2024). However, much of this evidence is typically framed in

terms of correlations between average (yearly or seasonal) production responses and climatic

variables, and therefore does not explicitly isolate how temperature relates to the lower tail of

the production-shock distribution. Our findings contribute to this strand of work by showing, in

a tail-risk analysis framework, that average temperature is primarily informative about exposure
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to colder conditions, which are associated with a higher likelihood of extreme losses, whereas

extreme realizations of daily maximum temperature capture the role of excessive heat.

5.2 Limitations

Our study is subject to some limitations, which mainly relate to data availability constraints and

a natural trade-off between spatial coverage and local detail.

Firstly, while the dataset we employed is uniquely detailed in spatial coverage and hive-level

resolution, it spans only four years and thus offers limited temporal depth. This limitation is

mitigated by the extraction and use of daily production series, which provide a higher tem-

poral resolution than the monthly or annual data typically used in the literature and support

statistically meaningful inference even over shorter horizons. Moreover, it is worth noting that

in the presence of rapidly evolving climate conditions, extending the window far into the past

may incorporate historical regimes that are less representative of the current risk profile across

clusters.

Secondly, we acknowledge that the clustering procedure, which relies on geographic coor-

dinates and altitude, does not incorporate local factors, such as micro-climatic or land-use

heterogeneities, that can influence foraging conditions and, consequently, colony productivity.

Nonetheless, such fine-scale analyses are generally more feasible for a limited number of hives

within narrowly defined regions, while our study encompasses the entire national territory and

includes hundreds of hives. Moreover, since the dataset does not cover the same hive across

multiple years, clusters differ from one year to another.

Finally, although average temperatures and temperature peaks emerge as statistically sig-

nificant explanatory factors for extreme production losses, other local environmental stressors,

such as droughts, pesticide use, or diseases, remain outside the current scope of the analysis.

Besides, we note that honey production is affected by climate change not only through direct

channels but also through indirect ones, which affect bee physiology, colony health, and forag-

ing behavior. Thus, honey production can be deemed as inherently more complex than most

climate-sensitive agricultural activities for which quantile-based risk measures are used to deal

with rare but impactful shocks.

5.3 Implications

The spatial heterogeneity of HaR values allows the identification of vulnerable production sys-

tems, such as northern and mountainous zones, and highlights regions where extreme climatic

events disproportionately affect honey yields (Flores et al., 2019). By capturing tail risks that

commonly used elasticity measures cannot capture14, HaR provides a basis for targeted adapta-

tion and risk management, including evidence-based interventions such as smart hive monitoring,

beekeeping training, and forage diversification in high-risk areas.

14Climate–yield elasticity quantifies the mean change in honey yield per unit change in climate variables (e.g.,

Celsius degrees), see Holmes (2002).
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At the policy and financial level, HaR can inform the design of weather-indexed insurance

and compensation schemes (by defining payout triggers for extremely low-yield years and guiding

premium calculations), and help identify apiaries most exposed to catastrophic losses. In com-

bination with elasticity, it offers a more complete picture: while elasticity quantifies sensitivity

to average climatic variation, HaR addresses rare but severe events that often drive the most

significant losses.

From a methodological perspective, this shift—from modeling mean outcomes to focusing on

the tails—is consistent with the broader literature on environmental extremes, where rare events

require dedicated inferential tools rather than extrapolation from average responses (Davison and

Gholamrezaee, 2012; Coles, 2001). Abnormal negative outcomes in honey production frequently

result from nonlinear extremes, such as late frosts, heatwaves, droughts, or prolonged bad weather

that limit foraging (Vincze et al., 2025).

Overall, HaR should be seen as a complement to traditional elasticity measures, aligning

statistical assessment with the practical interest in extreme production losses and enabling more

informed decisions in policy, insurance, and operational management of honey production.

6 Conclusions

This paper studies honey production losses through a tail-oriented framework applied to a unique

dataset of hive-weight data from Italy over the period 2021–2024. The main contribution of

this work is measurement-oriented. By constructing HaR as a cluster-level quantile of daily

production shocks, the statistical target is shifted from the center of the distribution to its lower

tail, to capture risk exposure more accurately in the presence of heavy-tailed shocks.

The paper also provides an empirical contribution that reveals pronounced spatial hetero-

geneity in downside honey-production tail risk. Mountain clusters exhibit higher HaR values

and greater tail risk dispersion than plains and hills, suggesting that exposure to extreme losses

may vary across altitude levels. As these differences may only be weakly reflected in average

production levels, these findings highlight the importance of tail-based risk measures for char-

acterizing vulnerability and inform risk assessment, insurance design, and policy interventions

aimed at effectively mitigating the effects of increasing climatic variability.

The analysis further indicates that atmospheric temperature is associated with extreme honey

production losses through two distinct dimensions. Indeed, average temperature levels and ex-

treme realizations of temperature maxima exhibit different associations with the occurrence of

extreme losses. This highlights the fact that focusing exclusively on average weather conditions

may obscure mechanisms relevant to explaining extreme honey production outcomes.
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Sklar, A. (1959). Fonctions de répartition à n dimensions et leurs marges. Publications de

l’Institut Statistique de l’Université de Paris, 8:229–231.
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