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This paper examines the relationship between weather variables and the quality ratings 

of four wine varieties: The Californian North Coast Cabernet Sauvignon, Chardonnay, 

Zinfandel and Pinot Noir. The aim of this research is to identify weather variables that 

can explain a great proportion of the variance in the quality ratings, despite a limited 

impact on wines from regions with stable climates, such as California. To achieve this 

objective, rating qualities (Robert Parker Wine Advocate, 2023b) and weather 

variables (NCEI National Centers for Environmental Information, 2023d) were 

downloaded. The quality ratings were transformed to account for the fact that they are 

bounded between 50 and 100, and the weather variables were averaged over two 

counties (Sonoma and Napa) for greater precision. The weather variables used were 

the average temperature, the average temperature squared, the maximum and 

minimum temperature, the difference between the maximum and minimum 

temperature, the precipitation, and the Southern Oscillation Index (SOI). In this paper, 

a yearly and seasonal analysis is done to test whether by splitting the variables by 

season, the data fit the regression models better.   The main finding of this research is 

that these weather variables do play a role in explaining the variations in wine quality. 

However, their role is quite limited. The adjusted R-squared of the models are highly 

influenced by a positive trend, that accounts for the improvement of qualities, not 

related to the climate variables. The difference between the maximum and minimum 

temperature and the SOI are the variables that are the most often statistically 

significant, apart from the trend, indicating they probably have a significant influence 

on the quality of the wine. Climate change will likely impact wine quality, and 

therefore vineyard production and profitability. It is thus crucial to assess the influence 

of weather on the quality of the different wine varieties, allowing winemakers to adapt 

accordingly.  
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Accronyms

CNC = Californian North Coast

RPWA = Robert Parker Wine Advocate

NOAA NCEI = National Oceanic and Atmospheric Administration: National Centers for

Environmental Information

ENSO = El Ninõ-Southern Oscillation

SOI = Southern Oscillation Index

CS = Cabernet Sauvignon

CH = Chardonnay

Zi = Zinfandel

PN = Pinot Noir

yAT = Yearly Average Temperature

yPrec= Yearly Precipitation

yMinT = yearly Minimum Temperature

yMaxT= yearly Maximum Temperature

yDiff = Difference of yearly maximum and minimum temperature (= yMaxT - yMinT)

W = Winter season (from November until February)

EG = Early-Growing season (Mars and April)

G = Growing season (from May until August)

H = Harvest season (September and October)

ATW = Average temperature during the winter season

PrecW = Precipitation during the winter season

MinTW = Minimum temperature of the winter season

MaxTW = Maximum temperature of the winter season

DiffW = Difference between the maximum and minimum temperature during the winter

season ( = MaxTW −MinTW )

ATEG = Average temperature during the early-growing season

PrecEG = Precipitation during the early-growing season

MinTEG = Minimum temperature of the early-growing season

MaxTEG = Maximum temperature of the early-growing season

DiffEG = Difference between the maximum and minimum temperature during the early-
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growing season ( = MaxTEG −MinTEG)

ATG = Average temperature during the growing season

PrecG = Precipitation during the growing season

MinTG = Minimum temperature of the growing season

MaxTG = Maximum temperature of the growing season

DiffG = Difference between the maximum and minimum temperature during the grow-

ing season ( = MaxTG −MinTG)

ATH = Average temperature during the winter season

PrecH = Precipitation during the winter season

MinTH = Minimum temperature of the winter season

MaxTH = Maximum temperature of the winter season

DiffH = Difference between the maximum and minimum temperature during the harvest

season ( = MaxTH −MinTH)

CV = Coefficient of variation

SD = Standard deviation

VIF= Variance Inflation Factor

Int. = Intercept

JB test = Jarque-Bera test

BP test = Breusch-Pagan test

Adj. R2 = Adjusted R-squared
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1.

1 Introduction

The quality of a wine depends on a various number of factors, including wine-making

techniques, the soil composition, grapevine characteristics, the region and the climatic

conditions of the year (Ollat et al., 2016). Among these factors, the climate has been

identified as particularly affecting the quality of the wine (Ollat et al., 2016; Ramirez,

2008; van Leeuwen et al., 2004). The growth cycle of the grapes is influenced by factors

such as rainfall, temperature and other weather variables, making it interesting to analyze

the specific influence of the weather on the quality of the wine.

In parallel with that, the effects of climate change are becoming more evident world-

wide. It’s an important and urgent issue for the wine market because climate change can

directly influence the characteristics of a wine, its quality, the overall quantities produced

and thus also the prices of wines, thereby influencing the profitability of the vineyards

(Ashenfelter, 2010; Ashenfelter & Storchmann, 2016; Oczkowski, 2016; Ollat et al., 2016).

Exploring how the weather can impact the quality of wine, can give valuable insights

into how weather affects the taste and value of wines. This knowledge is essential for wine

producers, consumers, and the industry as a whole, as it helps us understand the chal-

lenges and opportunities that come with changing climate conditions (Oczkowski, 2016;

Ollat et al., 2016). It can also give an insight into the suited adaptation strategy, such as

technological innovations or relocating the vineyards into more suited regions. Another

aspect that makes wine an interesting product to analyze is the fact that wine can be

easily stored for long periods of time, and in some cases, it appreciates over time. This

makes wine an attractive investment option and justifies research dedicated to the influ-

ence of climate on wine quality (Ashenfelter & Storchmann, 2016).

This research analyses the relationship between several climate variables and specific qual-

ity ratings that were given to some wines. Specifically, it focuses on four different grape

varieties produced in the Californian North Coast (CNC): The CNC Cabernet Sauvignon,

CNC Chardonnay, CNC Zinfandel, and CNC Pinot Noir.
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To answer the research question of ”How do the weather variables, such as rainfall, av-

erage temperature, maximum temperature, minimum temperature, the difference between

maximum temperature and minimum temperature, and the Southern Oscillation Index,

influence the quality ratings of the four North Coast Californian wine varieties?”, a quan-

titative methodological approach is used, necessitating the collection of data. The quality

of the wines is approximated by quality ratings. These quality ratings were collected from

the website ”Robert Parker Wine Advocate”. This is a reputable website, that is known

for its wine expertise. The quality ratings are computed as an average of 12,989, 6,268,

6,124, and 3,599 observations between 1978 and 2018 for the Cabernet Sauvignon, the

Chardonnay, the Zinfandel and the Pinot Noir respectively. The rating quality underwent

two transformations to account for the fact that they are bounded between 50 and 100:

a linear transformation to fit a logistic regression and a transformation to estimate the

dependent variables as multiple linear functions. Additionally, climate data was collected

from the recognized website of the ”NOAA National Centers for Environmental Infor-

mation (NCEI). The average precipitation, average temperature, maximum temperature,

and minimum temperature were collected on a monthly basis, going from November 1977

until October 2018. These weather variables were collected for the Napa and Sonoma

county, which is where the great majority of the wines included in the quality ratings,

comes from. A weighted average of the weather variables from both regions was com-

puted, taking into account the numbers of wines originating from the Sonoma County

and the Napa County, for each wine variety. This permits to have a precise database for

each wine variety. The Southern Oscillation Index was also collected on a monthly basis,

going from June 1977 until May 2018, to be in line with the life cycle of the SOI. Lastly,

a trend was included in the models to account for improvements in quality ratings, not

related to the weather. Both websites were meticulously chosen, based on the quality

of their available data, which is what ensures the reliability and validity of the analysis

conducted in this research.

Furthermore, as models described in previous literature performed badly, others mod-

els were tested in order to assess the ability of some models to better describe variances

in the quality ratings of the four wine varieties. In order to achieve this, a yearly and

seasonal analysis was performed and the results are given in this paper.
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First, the literature review will be described, which aims at providing a critical overview of

the existing literature that serves as the foundation for this research. Following that, the

methodology employed and the collected data are described. This includes the research

objective, the data collection, the tested hypotheses and the statistical models that are

tested in this research. In the next section, the detailed statistical analysis is presented.

Lastly, the limits and further improvement points are given, followed by the conclusion

of this research.
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2 Literature review

2.1 Theoretical Framework and Existing Literature

Many studies have analyzed the influence of factors such as climate, soil, terroir, region of

origin, appellation and grape variety on wine prices (Outreville & Fur, 2020). As demon-

strated by numerous papers, weather conditions have been found to affect the grape

quality and, consequently, wine quality (Ashenfelter, 2010; Charlin & Cifuentes, 2023;

Oczkowski, 2016; Ollat et al., 2016; Ramirez, 2008). This paragraph aims at providing

more insight into the existing research on this subject.

There is a substantial amount of literature available that focuses on the hedonic price

function of wines. This approach assumes a direct association between the price of a

wine and some characteristics of this wine. The theoretical framework proposed by Rosen

(1974) is widely referenced in the literature on the hedonic price functions of wine. In

most articles, the wine prices are estimated as a log-linear function. Several articles an-

alyze the impact of the weather, and often also of other variables such as the quality or

the age of the wine, on the wine prices (Ashenfelter, 2010; Haeger & Storchmann, 2006;

Niklas & Rinke, 2020; Oczkowski, 2016; Ramirez, 2008).

This research will not focus on the hedonic price function, but it will analyze the in-

fluence of the climate variables on wine quality. The quality is approximated by rating

scores given by the website Robert Parker Wine Advocate. According to Haeger & Storch-

mann (2006), the wine critics of Robert M. Parker, Jr. and the Wine Spectator magazine

are extensively referenced and the most famous. More information about this website is

given in paragraph 2.3. This research will thus use a wine rating as a proxy for the quality

of wine, as done in several other papers (Charlin & Cifuentes, 2022, 2023; Jones et al.,

2005; Niklas & Rinke, 2020; Oczkowski, 2016; Ramirez, 2008).

It is important to note that, given the extensive body of literature on this subject, it

is impossible to provide a comprehensive list of all relevant studies in this literature

review. However, the following paragraphs will highlight three notable articles that sig-
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nificantly influenced this research. The choice of these articles is based on the fact that

they are widely cited in other papers on this subject, especially the ones of Oczkowski

(2016) and Ramirez (2008). Furthermore, most of the other papers analyze the influence

of the weather on wine prices, while the three articles described below analyze the impact

of weather on wine quality, similarly to what is done in this research.

2.1.1 Wine quality and weather

Among the existing research, several different techniques have been deployed. Some arti-

cles use a cross-sectional analysis of wines to examine the impact of weather on wine in

one specific year. Oczkowski (2016) for example did a cross-sectional analysis of weather

factors on a wine-quality measure and wine prices of several Australian wine varieties,

produced in 2014. In this article, the following model was used for each wine variety

separately, as it is considered to have the most statistically significant variables and the

biggest explanatory power. It is used employing robust standard errors :

(Rating)i = α0 + α1(Rain)i + α2(Diff)i + α3(Temp)i + α4(Temp)2i + ϵi (1)

The selection of weather variables, used by Oczkowski (2016), is based on those com-

monly used in other articles on the same topic, and the rating variable is obtained from

Halliday (2014). ϵ represents the error term and Rain represents the average monthly

rain, in inches, during the Australian harvest period (January to March). Diff represents

the monthly average variation between the highest and lowest temperatures (in degrees

Celsius), throughout the Australian growing season (October to March). Temp, on the

other hand, represents the average temperature during the growing season, also based

on monthly averages. Lastly, a quadratic form is used on the variable Temp. It is ex-

pected that the coefficient α3 will have a positive sign, while α4 will have a negative

sign (Oczkowski, 2016). Indeed, high temperatures during the growing season tend to

be optimal for the vineyards, up to a certain threshold. Excessively high temperatures

can significantly harm the quality of grapes, which would negatively impact the wine

quality (Ashenfelter & Storchmann, 2016; Charlin & Cifuentes, 2023; Haeger & Storch-

mann, 2006; Jones et al., 2005; Niklas & Rinke, 2020; Oczkowski, 2016; Ollat et al., 2016;

Ramirez, 2008). By adding the quadratic form of Temp, it is possible to test whether this
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theory can be statistically validated.

The paper of Oczkowski (2016) concludes that variation in wine quality can be explained

by weather differences between the regions, for each wine variety separately. Furthermore,

the variables Temp and Temp2 were the most statistically significant, with α3 positive

and α4 negative for all varieties except one. This validates that too high temperatures

during the growing season tend to have a negative impact on the wine quality. The vari-

able Diff was mostly not statistically significant while Rain was statistically significant

for 5 varieties out of the 8, with α1 negative for all varieties except one. This indicates

that rain during the harvest period negatively influences wine quality. Nevertheless, the

explanatory power of the models is quite low, ranging from 3.5% to 17.5%. This suggests

that weather plays a relatively low role in explaining variations in the quality of wine in

Australia (Oczkowski, 2016) .

Another article that is worth mentioning is the one written by Ramirez (2008). Instead

of focusing on one specific year, such as Oczkowski (2016), a cross-sectional analysis is

used, to test the influence of the weather on one specific grape variety of a single region,

over various years. In this paper, an analysis of the impact of some weather factors on all

Cabernet Sauvignon wines, rated by the Wine Spectator, and located in the Napa Valley

region of California, from 1970 to 2004, is done. For this analysis, a linear-, quadratic-,

and log-linear specification is described, in function of the following climate variables:

Ri,t = f(trend, temperature, precipitation) (2)

The models are used with robust standard errors. The climate variables used are quite sim-

ilar to model 1 (Oczkowski, 2016), with some differences. Similarly to model 1, Ramirez

(2008) also used the precipitation and average temperature variables. However, he also

added a trend in the model. Furthermore, he split the temperature and precipitation into

different periods to permit more flexibility and a nonlinear effect throughout the seasons.

For the average temperature, the temperature of the growing season was employed, and

divided into 3 sub-periods, namely the average temperature of April-May, June-July, and

August-September. Concerning the precipitation, the variable was split by taking the av-
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erage precipitation of the winter and growing season, divided into 4 different sub-periods,

being January-February, April-May, June-July, and August-September (Ramirez, 2008).

The conclusion was made that both precipitation and temperature variations have an

impact on wine quality and wine prices. However, the impact on wine quality was much

smaller. For the linear model, the weather variables contribute only approximately for

3% of the model variation. This was computed by removing the influence of the constant

on the model variation. The model variation, including the influence of the constant,

was in fact 29.12%. The adjusted R-squared, which represents the model variation, of

the quadratic-variation model and log-linear model were respectively 30.68% and 28.19%

(Ramirez, 2008). This aligns with the results of other studies that have indicated that in

regions characterized by consistent weather patterns, which is the case for California, the

influence of weather on wine quality is less significant than in regions with highly fluc-

tuating weather (Charlin & Cifuentes, 2023; Haeger & Storchmann, 2006; Jones et al.,

2005; Oczkowski, 2016). Despite that, the quadratic terms added in the quadratic model

were mostly statistically significant. Despite the presence of multicollinearity, the fact

they are statistically significant could suggest a non-linear impact of the weather on the

wine quality and prices, as mentioned above. Lastly, the results obtained from the log-

linear model were highly comparable to those of the linear model, with as main difference

that in the log-linear model, the variable Trend was statistically significant. This could

indicate that it is an important variable to add in future models (Ramirez, 2008). The

inclusion of a trend variable has, however, been criticized by Charlin & Cifuentes (2023),

suggesting that it may lead to issues of multicollinearity and provide little improvement

to the explained variation of the model.

A third article important to mention is therefore the article written by Charlin & Ci-

fuentes (2023). By using the Wine Spectator ratings as a proxy for the quality of wines,

they analyze the impact of weather variables on the wine quality of Malbec wines in

the Mendoza region, from 1995 to 2020. As did Ramirez (2008) and Oczkowski (2016),

Charlin & Cifuentes (2023) used the average temperature (Temp) and the precipitation

(Rain) in their analysis, in function of different sub-periods (being here the winter- (W ),

harvest- (H ), first part of growing- (G1 ) and second part of growing season (G2 ). How-



8.

ever, their analysis also includes additional variables, such as the average of the minimum

and maximum daily temperature (Tmax & Tmin), the most extreme values of the season

(Max(Tmax) & Min(Tmin)), the humidity, the cloudiness (Cloud) and the number of days

with a temperature above 32°C. Lastly, they also use the wineries coefficient linked with

a dummy variable (0,1) to associate each observation with its corresponding winery or

group of wineries. They describe three final models in their article.

The first model they examined, represented by model 3 in this research, is very sim-

ilar to the ones cited above, as it only includes the rainfall and average temperature

during the two growing seasons. It can be described as follows:

(Rating)i = α0 + α1(RainG1)i + α2(RainG2)i + α3(TempG1)i + α4(TempG2)i + ϵi (3)

The second model, represented by model 4, includes more variables. It was chosen by

keeping the variables with the greatest explanatory power and considering multicollinear-

ity problems. It can be described in the following way:

(Rating)i = α0 + α1((Tmax)W )i + α2(CloudW )i + α3((Max(Tmax))G1)i + α4(CloudG1)i

+ α5(TempG2)i + α6(Temp2G2)i + α7((Max(Tmax))G2)i + α8(CloudG2)i

+ α9(Temp2H)i + α10((Min(Tmin))H)i + α11(CloudH)i + ϵi

(4)

The reason the variables describing the rainfall and the humidity were not used is because

of their high correlation with the variable Cloud, which had a higher explanatory power.

Moreover, the reason the variable Temp2 was used is the same as explained for the model

described by Oczkowski (2016). Lastly, the absence of the variable describing the number

of days with a temperature above 32°C is due to its high correlation with Max(Tmax).

The third and last model described, uses the same variable as model 4, with as only

additional variable an index to identify the different wineries.

The models described in the paper of Charlin & Cifuentes (2023) showed various re-
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sults. A first important aspect to highlight is the fact that all the variables of each model

are statistically significant at a level of 1%, except RainG2 of their first model which is not

statistically significant, and CloudH that is at a level of 10%. Secondly, the adjusted R2

of the third model was a lot higher than their first and second model, being respectively

24.9%, 3.2%, and 7.3%. This indicates that the wine quality of the Mendoza’s Malbec

is more influenced by the winery effects than by weather effects. This can be attributed

to the fact that this winery effect captures several aspects that have an influence on the

wine quality, such as the soil composition and the altitude at which the vines are planted,

the expertise and wine-making processes of each winery or the technological tools the

winery uses (Charlin & Cifuentes, 2023). Lastly, the adjusted R2 of the first two models

indicate that the weather variables of these models explain respectively only 3.2% and

7.3% of the model variation. The fact they are small can be explained by the fact that

the weather in the Mendoza region is quite stable. As seen in the works of Oczkowski

(2016) and Ramirez (2008), the wine quality tends to be only moderately explained by

the weather variables in regions with stable weather conditions. However, the fact that

their second model (represented by model 4), has a slightly higher explanatory power

compared to their first model (represented by model 3), could indicate the importance of

including variables of the four seasons and including variables that capture extreme con-

ditions (Charlin & Cifuentes, 2023). This aligns with what is described in another of their

articles, written in 2022. In this article, the authors analyze the impact of the weather

on the wine quality of the Chilean Cabernet Sauvignon, which is located in a region with

even more stable weather conditions than in California or Australia, according to their

calculations. By incorporating 27 weather variables and one constant in their model, they

achieve an adjusted R-squared of 31% (Charlin & Cifuentes, 2022). Although there is

probably a problem of multicollinearity in their model which makes the coefficients and

adjusted R-squared of this model difficult to interpret, it could indicate that adding more

weather variables can improve the explanatory power of a model. This multicollinearity

problem is the reason this article is not explained more profoundly in this paragraph.

In conclusion, these three articles highlight that the weather plays a small role in ex-

plaining the variation in wine quality of regions with consistent climate conditions. Ad-

ditionally, splitting the weather factors into different periods enables a more detailed and
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accurate analysis of this subject. This is crucial as the grapes require varying climate

conditions during their whole life cycle. Lastly, although including a quadratic term for

the average temperature during the growing season may bring multicollinearity concerns,

this variable tends to be statistically significant, which confirms that temperatures posi-

tively affect wine quality, but at a decreasing rate.

The next paragraph aims at giving more information about the theoretical optimal climate

conditions for the various grape varieties that will be analyzed in this research.

2.2 Wine varieties and their optimal climate conditions

Several analyses look at the impact of weather variables on wine quality or wine prices,

by splitting the weather variables according to several seasons. Most often, the variables

are split into the winter season, the harvest season, and the growing season and the vari-

ables of one or more seasons are used in the models (Ashenfelter, 2010; Ashenfelter &

Storchmann, 2016; Charlin & Cifuentes, 2022, 2023; Haeger & Storchmann, 2006; Jones

et al., 2005; Niklas & Rinke, 2020; Oczkowski, 2016; Ramirez, 2008).

The reason for this is that the grapes don’t need the same climatic conditions during

the whole year. There are periods where they need more water or hotter temperatures

than others, to produce optimal grapes. Splitting the weather variables into the different

seasons can therefore lead to more precise and optimal analyses. For example, freezing

temperatures during the growing season can be destructive for the grapes (Ashenfelter &

Storchmann, 2016), while it can reduce the risk of vine damage when they occur during

the winter season (Jones et al., 2005). Furthermore, rainfall during the harvest period

tends to have a negative effect on wine quality as it increases the chances of diseases

(Ashenfelter & Storchmann, 2016; Charlin & Cifuentes, 2023; Haeger & Storchmann,

2006; Oczkowski, 2016; Ramirez, 2008), while rainfall during the winter season tends to

improve the wine quality (Ashenfelter & Storchmann, 2016; Ollat et al., 2016; Ramirez,

2008). Moreover, rather cool and wet winters and relatively warm and dry summers are

considered to have a positive impact on the wine (Ashenfelter, 2010; Ramirez, 2008).

Lastly, extremely hot temperatures during the growing season tend to negatively impact
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the wine quality (Ashenfelter & Storchmann, 2016; Charlin & Cifuentes, 2022, 2023;

Haeger & Storchmann, 2006; Jones et al., 2005; Niklas & Rinke, 2020; Oczkowski, 2016;

Ollat et al., 2016; Ramirez, 2008).

Another important aspect to note is the fact that not all grape varieties need the same

type of climatic conditions, and it is therefore important to analyze them separately

(Oczkowski, 2016). Indeed, the Pinot Noir for example is known to be more resistant to

extreme temperatures than other varieties. Cooler temperatures are often appropriate for

this variety (Haeger & Storchmann, 2006). The Zinfandel needs hot summer and rainy

winter season, which makes California an optimal place to grow Zinfandel. However, all

the grapes of the Zinfandel don’t ripen at the same time, which can influence its quality

(Jancis Robinson, 2023). This underscores that each grape variety should be analyzed

separately.

2.3 Robert Parker or ”The Wine Advocate”

2.3.1 About Robert Parker

This research will analyze the quality ratings of the wines given by the website “Robert

Parker Wine Advocate (RPWA)”. Originally, a man named Robert Parker created a

wine guide, titled ”The Baltimore-Washington Wine Advocate”, which became later “The

Wine Advocate”. With this magazine, Robert Parker had as goal the creation of a liter-

ature that would give unbiased information about wine, without being linked to financial

terms. By doing so, he enabled to make the information about wine accessible to every

interested wine consumer. Over the years, Parker managed to prove his expertise and cre-

ated a strong positive reputation for his magazine “The wine advocates” (Robert Parker

Wine Advocate, 2023a).

At first, “The Wine Advocate” was available only on paper, but in 2002, the website

“RobertParker.com” was created. The website “Robert Parker Wine Advocate” counts

nowadays subscribers in more than 40 countries and in every state of the United States.

In 2019, RPWA even has been acquired by the Michelin Group. Furthermore, RPWA is

now considered by every knowledgeable observer as the literature that has the greatest
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impact on wine buying habits and trends throughout most wine markets in the world,

such as in the United States, France, the United Kingdom, Switzerland, Japan, Singapore,

Russia, Mexico, Brazil, and China. RPWA publishes essentially reviews of newly released

wine, but it also creates vintages retrospectives as well as occasional profiles of individual

wine producers and detailed examinations of specific wine labels. Each month, “Robert

Parker” published between 2,000 and 6,000 wine reviews, with the goal of reviewing most

of the major wine regions on an annual basis. Some smaller regions are reviewed every

two to three years (Robert Parker Wine Advocate, 2023a).

2.3.2 The Wine Advocate’s wine rating

“The Wine Advocates” gives almost every wine a rating. This rating represents the rela-

tive quality of the wine, with respect to its style, region, and grape variety, at the time it

was tasted. The rating ranges go from 50 to 100 points and tries to be the most precise

possible. “Robert Parker Wine Advocates” consider their ratings to be strict and even

mention they rather underestimate the quality of wine than overestimate it. In addition

to the rating, the site also assigns a letter for each wine, which describes the maturity of

the wine (Robert Parker Wine Advocate, 2023a). The precise meaning of the ratings is

described in paragraph 3.2.1.

”Robert Parker Wine Advocate” publishes, what they call, a Vintage Chart. This chart

shows the rating they give for several grape varieties, in function of the year the wine

was produced, in several countries and regions. This research will focus on the rating of

four North Coast Californian grape varieties of this Vintage Chart. RPWA is therefore

primordial for this research (Robert Parker Wine Advocate, 2023b).

2.4 NOAA National Centers for Environmental Information

The weather variables described in this research all come from the website of the National

Centers for Environmental Information (NCEI). NCEI is the ”Nation’s leading authority

for environmental data, and manages one of the largest archives of atmospheric, coastal,

geophysical, and oceanic research in the world” (NOAA National Centers for Environ-

mental Information, 2023a). Among other things, they use objective methods to collect
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climate information. They do this by looking at key climate indicators which permits

them to provide data about temperature and precipitation, snow and ice, drought and

wildfire, storms and wind, and various weather patterns (NOAA National Centers for

Environmental Information, 2023a).

In this research, the influence of the climate indicators on the wine ratings, given by

Robert Parker, will be analyzed. All the weather variables mentioned in this research

come from the NOAA NCEI as it is a reliable and notable website.
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3 Methodology and Data

3.1 Research objective

As mentioned above, the main objective of this research is to analyze the impact of some

climate factors on the quality ratings of four different grapes varieties of wine, produced

in the Californian North Coast. The goal is to see if the wine of each grape variety reacts

differently to the weather and how the weather impacts their quality. This research gives

an answer to the research question: ”How do the weather variables, such as rainfall, av-

erage temperature, maximum temperature, minimum temperature, the difference between

maximum temperature and minimum temperature, and the Southern Oscillation Index,

influence the quality ratings of the four North Coast Californian wine varieties? ”.

Because the models described in the other researches performed badly, with low adjusted

R-squared, alternative models were tested in this research to try to find a model for each

wine variety that is able to explain the variation in the quality ratings better.

To achieve this objective, a quantitative methodology is employed. This means that

a lot of data was collected to be able to analyze patterns, test hypotheses and create

statistical models. (Grad Coach, 2021). To achieve reliable statistical analyses, it is pri-

mordial to use data of good quality. This encouraged the choices of the websites from

which the data was collected, as they both provide accurate and high-quality data. By

selecting notable and qualitative sources, potential inaccuracies in the collected data are

minimized, which ensures better statistical results.

3.2 Data collection

Data about the quality ratings and the weather was collected. The weather variables

were averaged into yearly variables and also split into four different seasons; the winter

season, the early-growing season, the growing season and the harvest season. This was

done in accordance with previous literature on this subject. The winter season considered

in this research goes from the month of November until February. This is the season

when wines are dormant. The early-growing season goes from March until April, which
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is the period when the wines are the most vulnerable. The growing season goes from

May until August. Lastly, the harvest season goes from September until October. The

yearly growing cycle of the grapes starts thus in November of the previous year and ends

in October of the following year, which is why the data starts in November 1977 until

October 2018 (Calwineries, 2023; Sonoma Valley Visitors Bureau, 2022).

3.2.1 Quality Ratings of Robert Parker Wine Advocate

This section aims to provide a better understanding of the quality ratings given by RPWA.

The quality ratings, obtained from the website ”Robert Parker Wine Advocate”, are the

ones of four different grapes varieties, being CNC Cabernet Sauvignon, CNC Chardonnay,

CNC Zinfandel, and CNC Pinot Noir. The data was collected for the period going from

1978 to 2018 from Robert Parker Wine Advocate (2023b). For every of these four grape

varieties, a rating is given every year. These yearly ratings are thus an average of all the

quality ratings given to the corresponding wine variety, produced in the North Coast of

California, in a specific year. The numbers of wines taken into account for each variety are

not the same. The ratings given between 1978 and 2018 are based on 12,989 observations

for the Cabernet Sauvignon, 6,268 for the Chardonnay, 6,124 for the Pinot Noir and 3,599

for the Zinfandel (Robert Parker Wine Advocate, 2023b).

Due to the unavailability of automated data download options, the collection of the data

was done manually. This was done by recording the ratings in an Excel file so that it

could be used later for further analysis. Because the quality ratings are divided into two

parts, namely the dating ranges and the maturity, they were split in the Excel file in order

to form two databases that can be analyzed independently. The rating ranges are points,

ranging from 50 to 100, and they are described as follows:

• Wines with a rating between 96 and 100 are considered extraordinary, impressively
complex and profound.

• Ratings between 90 and 95 are given to outstanding wines, that are really complex
and of incredible quality.

• Wines with a rating between 80 and 89 are above average to very good, with ”varying
levels of finesse, spice and character” (Robert Parker Wine Advocate, 2023a)

• Wines that are considered average receive a rating between 70 and 79.
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• Wines described as below average, that contain some perceptible flaws, receive a
rating ranging from 60 to 69.

• Wines with a rating between 50 and 59 are considered unacceptable.

Regarding the maturity, RPWA utilizes seven different maturity ratings, indicated by

letters, to provide additional insights:

• The letter “C” indicates the wine may be too old.

• An “E” indicates an early maturing and accessible wine.

• A wine whose vintage is not declared, is indicated by the letters “NV”.

• An irregular wine is indicated by the letter “I”.

• The letters “NT” are used when the wine has not been sufficiently tasted to assign
a rating.

• The letter “R” indicates that the wine is ready to drink;

• The letter “T” signifies that the wine is still tannic, youthful, or slow to mature

(Robert Parker Wine Advocate, 2023a)

The collected data did not contain any observations with a maturity rating “NV”. More-

over, the ratings after 2018 were assigned by the letters “NT”. These ratings are considered

unavailable data and were thus removed from the database. This is why this research will

only analyze the Californian North Coast grape varieties, produced between 1978 and

2018.

An important distinction to make is that the rating ranges and the maturity assess-

ments represent different types of variables. The dating ranges are discrete quantitative

variables as they consist of non-continuous, individual values that represent real amounts

(Bevans, 2022). However, they are bounded between 50 and 100. On the other hand,

the maturity assessments are nominal categorical variables that describe the wine’s stage

of development and drinking readiness. These assessments use letters to indicate specific

characteristics related to the wine’s maturity. The wines are thus grouped by category,

without really having a clear ranking between the different categories. All this indicates

the fact they are nominal categorical variables (Bevans, 2022).

By recognizing the fact that the independent variable of our model is thus composed

of one discrete quantitative variable (rating ranges), that provide a numerical represen-

tation of the wine’s quality, and one categorical variable (maturity assessments), that

offers qualitative information about its stage of development, we can make appropriate
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statistical analyses. Indeed, this distinction is needed to interpret and analyze the data

in a way that aligns with the nature of these variables.

This research will focus on the rating ranges, as this is what really describes the quality

of the wines. The maturity assessment is mainly linked to the age of the wine, and an-

alyzing this part is thus not the main goal of this research. For simplicity reasons, the

term quality ratings is also used in this research when referring to the rating ranges.

3.2.2 Transformation of the Quality Ratings

The quality ratings are bounded between 50 and 100, meaning they can never be smaller

than 50 or higher than 100. This is an important aspect to highlight as this means that

estimating the quality ratings with multiple linear models, as observed in the literature

review articles, may not be appropriate. Multiple linear regressions can have explanatory

variables of any value, which means the dependent variable could go from negative to

positive infinity. It could therefore estimate ratings that are not between 50 and 100,

which should not be possible. To solve this issue, the quality ratings of the four varieties

were transformed before estimating them.

First, fifty was subtracted from the quality ratings, and then they were divided by fifty.

This linear transformation permits to obtain all quality ratings ranging between 0 and

1. The quality ratings can then be compared to probabilities. Following this, the logistic

response function can be used to constrain the outcomes of the regression. Unlike the

linear regression, the logistic regression models the probability of an event happening,

based on its independent variables. As a result, the dependent variable is constrained

between 0 and 1. By doing the following transformation on the logistic regression, the

dependent variables can be estimated with a multiple linear function (Kantar, 2021).

P (X)i = Yi =
1

1 + e−(β0+β1X1,i+···+βnXn,i)
(5a)

⇒ Yi

1− Yi

= exp(β0 + β1X1,i + · · ·+ βnXn,i) (5b)

⇒ ln(
Yi

1− Yi

) = β0 + β1X1,i + · · ·+ βnXn,i (5c)

(Kanade, 2022; Kantar, 2021)

For this reason, after performing the linear transformation of the quality ratings to con-

strain them between zero and one, they underwent the transformation of equation 5b and

5c. In the models, the betas represent thus changes in the log-odds scale, which can be
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described as the logarithm of the ratio of success to failure. In this case, as the dependent

variables are not probabilities, the beta’s will need to be transformed again to understand

the impact more easily. However, this analysis is mostly interested in the signs of the

betas. Therefore, understanding the models will not be too constrained by this trans-

formation. Moreover, the regressions were more statistically significant after this logistic

transformation. The summary statistics of the transformed variables can be seen in ta-

ble A3 of the Appendix, section A.2. Furthermore, the evolution of the quality ratings

before and after transformation is also given, in figure A2. By looking at this figure and

comparing the summary statistics of the ratings before and after transformation, it is

clear that the ratings still evolve with similar patterns and have, proportionally, similar

summary statistics. This indicates that the transformation does not change the propor-

tional relationship of the quality ratings. Lastly, the results of all the regressions used in

this thesis without performing the transformation are given in the appendix, section A.3.

The results indicate that performing the transformation indeed permitted to have models

with higher adjusted R-squared and more statistically significant variables, except for the

Pinot Noir.

3.2.3 Climate variables of NOAA NCEI

To examine the impact of climate factors on the wine ratings, relevant climate data of the

state of California was collected from the website NOAA National Centers for Environ-

mental Information, known for giving accessibility to environmental data. These variables

represent the dependent variables of the statistical models. The climate variables used

in this analysis are collected on a monthly basis, going from November 1977 to October

2018, to correspond to the years of the quality ratings. The grape harvest for wine pro-

duction occurs every year and these grapes, which will influence the wine quality, are thus

affected by the climatic conditions of the corresponding year. These monthly variables

were saved in Excel, and after rearranging them by hand into 12 columns, representing

the months, and 41 lines, representing the years, the seasonal averages for each variable

were computed. It is important to note that, when computing the average values for the

winter season, the data for November and December was taken from the preceding year,

which is the reason why the collected weather data starts in November 1977. Indeed, as

mentioned above, the growing cycle of the wine starts in November of the previous year

and ends when the grapes are being harvested, in September or October of the following

year.

Moreover, the goal is to download the data the most precisely possible. Indeed, the

wine is influenced by the weather of the region where it grows. Collecting data about the

weather that is the closest to the place the wine grows is what makes this analysis more
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reliable. In order to collect the right data about weather, the appellations of the different

wine varieties were analyzed. From the 28,980 different wines of which the ratings are

computed, 14,740 wines come from wineries located in the Napa Valley and 13,228 are

from wineries located in the Sonoma County (Robert Parker Wine Advocate, 2023b). The

rest of the wines are originated from 5 additional regions, that have quite similar climate

conditions. To facilitate the computation of the weather variables for the different wine

varieties, only these two regions are considered, because 96.51% of the wines that are

analyzed come from there. The website NOAA NCEI provides monthly weather data

about the Average Temperature, Precipitation, Maximum Temperature and Minimum

Temperature for each county (NOAA National Centers for Environmental Information,

2023d). Therefore, the weather of the Napa Valley is approximated by considering the

weather of the whole Napa County. The location of the Napa County and the Sonoma

County is given in figure A1 (Appendix section A.1).

• Average Temperature, Precipitation, Maximum Temperature and Mini-

mum Temperature

The Average Temperature (AT), Precipitation (Prec), Maximum Temperature (MaxT)

and Minimum Temperature (MinT) of each grape variety were computed as a specific

weighted average of the observations from the Napa County and the Sonoma County.

The data was downloaded on a monthly basis. The Average Temperature, Maximum

Temperature and Minimum Temperature are given in degrees Fahrenheit, while the Pre-

cipitation is computed in Inches (NOAA National Centers for Environmental Information,

2023d). The weighted averages were computed as follows:

Observation/variety = W1 ∗ObservationSonoma +W2 ∗ObservationNapa (6)

With W1 and W2 different for every variety. The calculations to determine the weights

for each variety rely on the number of wines originating from the Sonoma County and

the Napa Valley (approximated by the Napa County). It is important to note these cal-

culations concern the Average Temperature, Precipitation, Maximum Temperature and

Minimum Temperature, as these are the weather variables available per county.

Out of the 12,989 Cabernet Sauvignon wines, 1,744 of them come from the Sonoma County

and 11,145 from the Napa Valley (Robert Parker Wine Advocate, 2023b). Therefore, the

weather variables for the Cabernet Sauvignon are computed with W1 = 0.134(= 1.7/12.7)

and W2 = 0.866(= 11/12.7). Concerning the Chardonnay, there are 4,061 wines origi-

nating from the Sonoma County and 2,021 from the Napa Valley (Robert Parker Wine

Advocate, 2023b). Hence, the weather variables are computed with W1 = 0.667 and

W2 = 0.333. As for the Zinfandel, there are 2,406 wines originating from the Sonoma
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County and 979 from the Napa Valley (Robert Parker Wine Advocate, 2023b). Conse-

quently, the values for W1 and W2 are respectively 0.71 and 0.29. Finally, out of the

6,124 Pinot Noir wines, 5,017 are produced in the Sonoma County and 595 in the Nappa

Valley (Robert Parker Wine Advocate, 2023b). Therefore, W1 = 0.893 and W2 = 0.107.

The table below gives a summary of the values for W1 and W2. Cabernet Sauvignon is

indicated by CS, Chardonnay by CH, Zinfandel by Zi and Pinot Noir by PN.

Table 1: Summary of the values of W1 and W2

CS CH Zi PN
W1 0.134 0.667 0.71 0.893
W2 0.866 0.333 0.29 0.107

By doing these computations, the goal is to approximate the impact of the weather on

each grape variety the most precisely and correctly possible. However, to extend the scope

of the analysis done in this research, the difference between the maximum and minimum

temperature was computed and data about the Southern Oscillation Index (SOI) was also

downloaded. The variable Diff is thus not directly downloaded from the NOAA NCEI

website but is calculated based on MaxT and MinT. The SOI is a global variable and is

explained in the next paragraph.

• The Southern Oscillation Index (SOI)

The Southern Oscillation Index is a standardized index that measures the air pressure

fluctuations between the western and eastern tropical Pacific, by observing the differ-

ence in sea level pressure between Tahiti and Darwin, in Australia. It describes the part

concerning the atmospheric changes of the El Ninõ-Southern Oscillation (ENSO) cycle.

The ENSO is a climate phenomenon that happens irregularly every two to seven years,

where the ocean near the Eastern tropical Pacific coast becomes warmer (El Ninõ), and

the atmospheric pressures at the ocean surface of the Western tropical Pacific decrease

(Southern Oscillation). La Ninã refers to the opposite weather pattern. The SOI time

series corresponds thus to the changes in ocean temperatures. Consequently, negative

values of the SOI indicate below-normal air pressure at Tahiti and above-normal air pres-

sure at Darwin. When negative (positive) SOI values are observed for an extended period

of time, it means the ocean near the Eastern tropical Pacific coast is abnormally warm

(cold), which means the world enters an El Ninõ (La Ninã) phase. The neutral phase is

indicated with values close/equal to zero.

This world phenomenon has an impact on the ocean temperature, strength of ocean cur-

rents, and the fish in the ocean, but also on the global atmospheric circulation, which has



21.

an impact on the global temperatures, wind, precipitations and extreme weather events.

All of this makes the ENSO one of the most crucial phenomena on Earth (Michelle

l’Heureux, 2014; National Geographic, 2022; NOAA National Centers for Environmental

Information, 2023b). Given its importance, the impact of this variable on wine quality

was analyzed.

The El Ninõ en La Ninã cycles tends to last 9 to 12 months, developing during the

spring and weakening during the early summer of the following year. Their influence on

the U.S. seasonal climate tends to peak during the winter. During La Ninã, the winter

seasons in California tend to be drier and warmer than average (Michelle l’Heureux, 2014;

William Roberts and Jayasankar Pillai, 2023). The SOI is therefore computed on a yearly

basis, by taking the average of the monthly SOI, starting in June and ending in May of

the following year. As a consequence, the data for the SOI was downloaded from June

1977 until May 2018.

A last thing that is worth mentioning is that, although snow could be an important

factor influencing wine quality, it was not taken into account in this research. The reason

is that it almost never snows in California. According to NOAA NCEI (2023c), the Napa

and Sonoma Counties only experienced one day of heavy snow between 1977 and 2018,

which was in January 2011. Furthermore, the average annual snowfall between 1981 and

2010 is equal to zero inches in California according to Current Results (2023). Although

these are not the exact years of this analysis, it is still a good indicator that this analysis

can ignore the level of snow.

3.2.4 Summary statistics

The summary statistics of all the variables are given in table 2. Furthermore, the sum-

mary statistics of the weather variables for each season separately are shown in table A1

and A2 (Appendix). “N” represents the number of observations for each variable. N is

equal to 492 for the monthly variables as there is one observation every month for 41

years. For the seasonal variables, N is equal to 164 or 82, depending on the number of

months included in the corresponding season.

In these tables, the mean, standard deviation, coefficient of variation, minimum value

and maximum value are given. The Coefficient of variation is calculated by dividing the

standard deviation by the mean. This measure enables to compare the degree of varia-

tion of the different variables, although they are measured in different units. However, it

should not be used when the mean is negative and/or close to zero, which is why it is not

computed for the SOI (Adam Hayes, 2023).
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Table 2:
Summary Statistics of all the monthly variables

Variables Mean (µ) SD (σ) CV (σ/µ) Min Max

Cabernet Sauvignon (N= 492) 90.63 5.19 0.06 76 98

Monthly AT (N= 492) 59.10 9.37 0.16 41.57 75.53

Monthly Prec (N= 492) 2.81 3.96 1.41 0.00 23.01

Monthly MaxT (N= 492) 71.55 12.06 0.17 50.95 92.46

Monthly MinT (N= 492) 46.65 6.88 0.15 29.48 58.89

Monthly Diff (N= 492) 24.90 5.85 0.23 9.19 35.44

Chardonnay (N= 492) 88.98 4.42 0.05 75 96

Monthly AT (N= 492) 57.90 8.07 0.14 41.83 72.07

Monthly Prec (N= 492) 3.26 4.53 1.39 0.00 26.33

Monthly MaxT (N= 492) 69.59 10.39 0.15 51.53 87.93

Monthly MinT (N= 492) 46.20 6.00 0.13 29.80 56.87

Monthly Diff (N=492) 23.39 5.24 0.22 8.77 33.20

Zinfandel (N= 492) 86.56 5.11 0.06 74 95

Monthly AT (N= 492) 57.81 7.97 0.14 41.86 71.78

Monthly Prec (N= 492) 3.30 4.57 1.38 0.00 26.60

Monthly MaxT (N= 492) 69.44 10.25 0.15 51.58 87.56

Monthly MinT (N= 492) 46.17 5.93 0.13 29.83 56.70

Monthly Diff (N= 492) 23.27 5.20 0.22 8.73 33.02

Pinot Noir (N= 492) 87.98 3.20 0.04 80 94

Monthly AT (N= 492) 57.39 7.53 0.13 41.95 70.60

Monthly Prec (N= 492) 3.46 4.77 1.38 0.00 27.74

Monthly MaxT (N= 492) 68.76 9.69 0.14 51.78 86.01

Monthly MinT (N= 492) 46.01 5.65 0.12 29.94 56.08

Monthly Diff (N=492) 22.75 5.01 0.22 8.59 32.25

Monthly SOI (N= 492) 0.03 0.97 / 1 -3.6 2.9

Source: Table prepared by the author. AT, MaxT, MinT and Diff are computed in degrees

Fahrenheit. Prec is computed in Inches.
1 The Coefficient of variation can not be computed for the SOI because the mean is close to zero

(Adam Hayes, 2023)
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On average, we can see that the CNC Cabernet Sauvignon tends to be of better quality

than the Chardonnay, Zinfandel and Pinot Noir, with a maximum quality rating of 98.

However, it has the second-highest coefficient of variation, which means the spread in

rating qualities is quite high. The quality of the Cabernet Sauvignon is thus less stable

than the Chardonnay and the Pinot Noir. In comparison to that, the Pinot Noir has

clearly the most stable quality ratings: it has the lowest SD, the lowest CV and the

highest minimum rating. All this indicates this variety of wine has a very stable rating

quality. The Zinfandel has the lowest mean quality ratings between the four varieties and

the highest CV. The rating qualities are thus less stable and lower on average than the

rest. Despite this, the four grape varieties have average ratings that are attributed to

wines above average, which indicates that the North Coast of California is a rather good

place to produce wine, or at least, was, between 1978 and 2018.

Concerning the weather variables, the coefficient of variation (CV) of the variables describ-

ing the average-, minimum-, and maximum temperature tend to be very small, ranging

from 0.12 to 0.17. This confirms thus that the temperature in the Napa and Sonama

county are very stable, with a mean temperature ranging around 57-59 degrees Fahren-

heit. In comparison, the CV of the precipitation is much higher, which indicates that the

monthly amount of rain is less stable than the temperatures. The coefficients of varia-

tion of the variables Diff range in between. In addition to that, the CVs of the weather

variables concerning the Pinot Noir are lower than the others, which means the climate

variables influencing the Pinot Noir are more stable than the others. The Pinot Noir has

thus the most stable climate and the most stable quality ratings. In addition, the CVs of

the weather variables concerning the Cabernet Sauvignon are the highest, which is again

in line with the fact that this variety has the highest variation in quality rating.

The tables A1 and A2 in the Appendix provide a more detailed overview of the weather

variables, by providing the seasonal summary statistics. The first thing that can be no-

ticed by looking at the CVs is that, by splitting the weather variables per season, they

became even more stable, confirming that the weather in California is very stable and

shows the same weather patterns every season. This is in line with what is said in the

Literature review. Although the differences are very small, the AT, MinT and MaxT vary

the most during the early-growing season, followed by the winter season, and the harvest

season. The highest consistency is observed during the growing season. However, the

variable Diff does not completely follow the same pattern as it is more stable during the

early-growing season than the winter season. During the winter, the difference between

the highest and the lowest temperature is the most fluctuating. Lastly, the minimum

temperature during the early-growing season is never below 32 degrees Fahrenheit, indi-
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cating that it is on average never freezing during the early-growing season. This is very

positive for the wine quality.

In comparison to variables in relation to the temperature, the variability of the pre-

cipitation is a lot higher. The average precipitation during the winter is much higher

than during the growing season, whereas the CV of the precipitation is the smallest dur-

ing the winter and the highest during the growing season. Basically, it rains a lot every

year during the winter season, while the rain during the growing season is more scarce

and more fluctuating. The season with the second most stable precipitation level is the

early-growing season, followed by the harvest season.

The variations in SOI are more difficult to analyze as their CV could not be computed.

However, El Ninõ phases tend to be more extreme as the minimum value goes until -3.6,

while El Ninã phases are less extreme. Moreover, the fact that the SOI has a mean close

to zero confirms that it describes a cycle of positive and negative values, that fluctuates

around zero.

To conclude, the four wine varieties are influenced by weather variables that have similar

patterns. The weather of the Napa and Sonoma counties can be described as rainy and

cold during the winter and early-growing seasons and dry and hot during the growing and

harvest seasons. It has thus an optimal climate to grow wine.

3.3 Tested Hypotheses

Based on the literature review and wine knowledge, the hypotheses cited below will be

tested in this research:

• H1(a): Higher temperatures during the growing season will positively impact the
wine ratings for CNC Cabernet Sauvignon, CNC Chardonnay, CNC Zinfandel, and
CNC Pinot Noir.

• H1(b): The quadratic temperature during the growing season will negatively impact
the wine ratings, as too high temperatures are not optimal for the grapes.

• H1(c): Lower minimum temperatures during the early-growing season will have a
negative influence on the wine ratings for all four grape varieties.

• H2(a): Increased drought during the harvest season has a positive influence on the
wine ratings for all four grape varieties.

• H2(b): Increased drought during the winter season has a negative influence on the
wine ratings for all four grape varieties.
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• H3: The Southern Oscillation Index (SOI) is negatively related to wine ratings,
indicating that La Niña events contribute to lower quality ratings.

3.4 Statistical Models

For every wine variety, several models were analyzed. The regression below was used,

with Yi =
Ratingi−50

50
, and Zi = ln( Yi

1−Yi
), following the transformation shown in equation

5:

Zi,t = f(trendi, precipitationi, ATi, AT
2
i ,MaxTi,MinTi, Diffi, SOI) (7)

Note that every wine variety is analyzed separately, with its separate weather database,

described in section 3.2.4. This is represented by the letter i in the equation above. Be-

cause SOI is a global variable, it is not dependent on the different wine varieties. AT

represents the average temperature, AT 2 is the average temperature squared, MaxT is

the maximum temperature, and MinT is the minimum temperature. Diff represents the

difference between the maximum and minimum temperature and SOI is the Southern

Oscillation Index.

A trend variable was included in all the models in order to take into account improve-

ments of quality that are not related to the climate variables, as done in the works of

Ashenfelter and Storchmann (2016), Jones et al. (2005), Niklas and Rinke (2020) and

Ramirez (2008). The reason for doing this is that, for every wine variety, the quality

ratings experienced a clear positive trend, which is shown in figure A3 of the Appendix,

section A.1. The Chardonnay and the Pinot Noir are the varieties that have the most sta-

tistically significant trend. This trend could be attributed to technological improvements,

more experience and wine knowledge, and/or a time-dependent bias of wine critics known

as ”score inflation” (Jones et al., 2005). Moreover, according to Ashenfelter and Storch-

mann (2016), the higher sugar level of wines, associated with higher quality, is mostly due

to better vineyard management practices rather than increasing temperatures. California

is known to use developed irrigation techniques to control the water supply and wind

turbines or braziers to have some control over the temperatures (Dominé, 2001). This

is a concrete example of the impact of technology that can lead to better wines. Lastly,

contrary to what is mentioned by Charlin & Cifuentes (2023), the trend does not pose

a multicollinearity problem in this research, being only weakly correlated with the other

variables. Adding a trend to the regression allows them to perform better.

Furthermore, for every model, the correlation between the variables and the Variance

Inflation Factor (VIF) was computed to check the presence of multicollinearity. The VIF

factor computes how much the variance of a regression coefficient increases due to the
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presence of collinearity between the explanatory variables. A VIF equal to one indicates

that the variables are not correlated, while a VIF higher than 5 indicates a multicollinear-

ity problem (The Investopedia Team, 2023). Some authors use other thresholds, such as

2.5 or 10, however, a VIF higher than five is also the threshold used by Haeger & Storch-

mann (2006). A distinction to make is that, if the VIF is high due to the presence of a

variable and its quadratic term, the multicollinearity is not considered problematic (CFI

Team, 2020). All the models described in this research have all VIF values below 2.5,

except the ones with a quadratic term, due to the high correlation between the variable

and its quadratic term.

In addition to this, for every model, the Breusch-Pagan Test (BP test) was performed on

every regression and the Jarque Bera test (JB test) on the residuals of every regression, to

test the presence of respectively, heteroscedasticity and the normality of the residuals. If

the null hypothesis of homoscedasticity and/or the normality of the residuals is rejected

at a 10% level, robust standard errors are applied on the models to correct for this (indi-

cate with the standard errors being between brackets). If not, the Ordinary Least Square

(OLS) estimates and standard errors are used (indicated with the standard errors being

between parentheses). The robust standard errors are thus not always applied to avoid

having less precise estimates (Mansournia et al., 2020).

Lastly, the first model that was tested for each wine variety is based on the tested hy-

potheses, presented in paragraph 3.3. The first model tests thus the influence of the

temperature during the early-growing and growing period, and the rain during the har-

vest and the winter period. For every regression, the winter, early-growing, growing, and

harvest seasons are indicated by adding respectively a ”W”, ”EG”, ”G”, or ”H” after the

abbreviation of the weather variable. It is good to know that because ATEG is highly neg-

atively correlated with PrecEG, the level of precipitation during the early-growing season

is also captured a bit by this model:

Zi,t = β0 + β1ATG,i + β2AT
2
G,i + β3ATEG,i + β4PrecH,i + β5PrecW,i + SOI + trendi (8)

However, because this model performs badly for the four wine varieties, alternative mod-

els were tested to try to find a model for each wine variety that can describe the variation

in the quality ratings better. The goal is to see if, by including other weather variables,

it is possible to describe the wine quality better. It is also important to note that the

models described in the literature review also perform badly, which is why they are not

shown in this research.



27.

To achieve better models, a yearly analysis was computed before splitting the weather

variables into seasonal periods. The goal is to analyze if yearly weather variables can ex-

plain the variation in the quality ratings of the wine variety. Furthermore, doing a yearly

analysis could allow to see which variables potentially impact the quality of each wine

variety the most. Yearly weather variables are denoted by adding the letter ”y” before the

abbreviation of the weather variable. For example, yAT stands for yearly temperature.

For each variety, several models were analyzed. The models with the highest adjusted

R-squared and the most statistically significant variables were kept. It is important to

note that, due to a high correlation between the weather variables, the variables could

not all be put together in one model, as it would induce a multicollinearity problem. The

correlations of the yearly weather variables for the four wine varieties are given in figure

A4, A5, A6 and A7 in the section A.1 of the Appendix. Although they differ slightly, the

correlation plots are very similar between the different varieties, which is foreseeable as

the climate is very stable in California.

The correlation plots indicate that the yearly average temperature, the yearly maximum

temperature, and the yearly minimum temperature are highly correlated, which makes

sense. Furthermore, the variable yDiff(= yMaxT − yMinT ) is highly negatively corre-

lated with the yearly precipitation and positively correlated with yMaxT , indicating that

when the difference between the maximum temperature and the minimum temperature

is high, it tends to rain less. This can be explained by the fact that yDiff is mostly de-

pendent on yMaxT, and that the precipitation is negatively correlated with the maximum

temperatures. Basically, it tends to rain more in California when it is colder. This makes

sense as in California, it is mostly raining during the winter season, while the growing

seasons are very dry. This is confirmed by the seasonal summary statistics (table A1 and

A2). In addition to that, the trend is a bit correlated with yAT and yMaxT because they

also experience a positive trend, that can be linked with climate change. Lastly, the SOI

is correlated with no variable, which can potentially make it interesting, as it adds new

information.

To conclude, because the climate in California is very similar every year, the weather

variables tend to be correlated with each other. It is therefore important to take this into

account when searching for the best model describing the wine quality.



28.

4 Statistical results

4.1 Results of the first model tested for the four wine varieties

The results of the regression, described by model 8, are given in table 3. The first thing

that stands out is the fact that almost no variable is statistically significant, even at a

level of 10%. Apart from the trend, Precw is the most frequently statistically significant

weather variable, being significant for three of the four varieties. However, while it was

seen in the literature review that rain in the winter tends to positively impact the quality

of the wine, here it seems that it is the opposite: more rain during the winter seems to

negatively impact the Cabernet Sauvignon, the Zinfandel and the Pinot Noir. Another

counterintuitive observation is that, for the Chardonnay, the Zinfandel and the Pinot Noir,

although they are not statistically significant at a level of 10%, the coefficients of the av-

erage temperature during the growing season are negative, while they are positive for the

quadratic terms. This could indicate that, because the temperatures during the growing

season in the Sonoma and Napa Counties are warm on average, higher temperatures could

have a negative impact on wine quality. It could be possible that the temperatures already

exceed the optimum temperature to grow wine in these regions, as mentioned by Haeger

and Storchmann (2006). However, as the variables are not statistically significant, this

information is not reliable, which is confirmed in table 7, which tested another model for

the Zinfandel and shows opposite results with the variables being statistically significant.

However, this table will be described later in this analysis (section 4.3).

In spite of this, there are still observations that coincide with what was expected, no-

tably the coefficient of average temperature in the early-growing season that is slightly

positive for the four wine varieties, indicating that higher temperatures during the early-

growing season can lead to better wine. Moreover, the coefficient for rain during the

harvest season is negative for the four wines. Unfortunately, it is difficult to draw any

conclusions, as these two observations are only statistically significant at a level of 10%

for one of the four wine varieties, being the Chardonnay and Pinot Noir respectively.

Lastly, the SOI seems to have a negative impact on wine quality, meaning La Ninã event

negatively impacts the wine quality. However, the SOI coefficient is not statistically sig-

nificant for the Cabernet Sauvignon and the Pinot Noir.

To conclude, the influence of the climate on the wine quality seems to be very limited.

Although every adjusted R-squared is quite good, the trend is the most statistically sig-

nificant variable, which explains most of the R-squared of the models. Indeed, the models

with the highest adjusted R-squared are the ones of the Chardonnay and the Pinot Noir,

which are also the wine varieties with the most statistically significant trend (given as
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Table 3:
Results of the four regressions described by model 8

Model 8 CS CH Zi PN
(Intercept) -131.500 141.293 183.811 2.408

(238.251) [124.659] [143.238] [14.935]

ATG 3.429 -4.733 -5.981 -0.343
(7.011) [3.828] [4.405] [0.444]

AT 2
G -0.025 0.036 0.046 0.003

(0.052) [0.029] [0.033] [0.003]

ATEG 0.054 0.058 . 0.044 0.0007
(0.052) [0.030] [0.044] [0.028]

PrecH -0.099 -0.063 -0.095 -0.061 .
(0.120) [0.049] [0.082] [0.035]

PrecW -0.085 . 0.018 -0.083** -0.025 .
(0.044) [0.026] [0.030] [0.015]

SOI -0.206 -0.172* -0.309* -0.103
(0.138) [0.084] [0.115] [0.070]

Trend 0.142** 0.121*** 0.107. 0.113***
(0.040) [0.018] [0.053] [0.018]

Adjusted R2 0.367 0.591 0.293 0.499
p-value JB test 0.356 1.094e-05 0.093 0.641
p-value BP test 0.666 0.686 0.444 0.066

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.

footnote of figure A3). Furthermore, table A10 in the Appendix shows the results of the

regressions with the trend as the only explanatory variable for every wine variety. The

adjusted R-squared of the regressions are 29.5%, 49.1%, 10%, and 50.4% for the Cabernet

Sauvignon, the Chardonnay, the Zinfandel, and the Pinot Noir respectively. By adding

the climate variables shown in table 3 to the regression, the adjusted R-squared of the

regressions only slightly increased, and even decreased for the Pinot Noir (36.7%, 59.1%,

29.3% and 49.9% respectively). This means that the model with only the trend as ex-

planatory variable explains the variation in the rating quality of the Pinot Noir better.

The models were also tested without the trend. The results are given in table A4 of the

Appendix. By removing the trend, the sign of PrecW for the Chardonnay, and ATG and

AT 2
G for the Pinot Noir changed. This confirms that, when the variables are not statis-

tically significant, they are very unstable and it is not reliable to take conclusions from

them. Lastly, the adjusted R2 without the trend are much lower, going from 3.8% for the

Pinot Noir, to 22.8% for the Zinfandel. The Zinfandel is the less affected by the removal of

the trend, while the Pinot Noir is the most affected. The Pinot Noir is a wine variety that

is known to be more resistant to extreme temperatures (Haeger & Storchmann, 2006),

which could explain that, when growing in very stable regions, such as California, the
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climate doesn’t influence the rating quality of this wine.

Although these results indicate that the climate probably doesn’t influence the rating

qualities of the North Coast Californian wines a lot, the following paragraphs will de-

scribe some models that gave better results for each wine variety in order to assess which

model is more able to describe the rating quality of the different wine varieties. The

goal is to assess if the varieties are influenced by different climate variables and how their

quality can be best modelled.

4.2 The Yearly analysis

As mentioned above, for every wine variety, a regression with the yearly weather vari-

ables was first tested. Table 4 shows the results of the best yearly regression for the four

wine varieties found for this research. The model with the most statistically significant

variables and the highest adjusted R-squared for the Cabernet Sauvignon, Zinfandel and

Pinot Noir is obtained by adding yDiff, SOI and their trend to the model. One model

that includes yPrec instead of yDiff is shown for the Cabernet Sauvignon. Although the

models are very similar, which is expected due to the strong negative correlation between

yPrec and yDiff (see figure A4), both models are shown to reinforce the reliability of

the models. The fact that yPrec and yDiff have opposite signs support the validity of

the models. Similar results were obtained for the Zinfandel and the Pinot Noir, but the

results are not shown to avoid redundancy. In addition to that, yMaxT also tended to

give similar results for the CS and the Zi, as it is positively correlated with yDiff, but at

a lower significance level compared to yPrec. yMaxT was not statistically significant for

the PN wine.

By looking at the results, it seems the Cabernet Sauvignon (CS) and the Zinfandel (Zi) are

similarly impacted by the yearly weather variables. The variables yAT and yMinT were

never statistically significant for these wines (which is why they are not included in the

models). Furthermore, how bigger the difference between the maximum and the minimum

temperature, how better the rating quality of these wines. Due to their high correlation,

it could indicate that yearly precipitation negatively impacts these wine ratings, while

yMaxT positively impacts the rating, meaning that higher temperatures can give better

wines. However, these variables were less statistically significant, which is why yDiff is

used in the models. The Pinot Noir is the variety whose quality ratings are less influenced

by the weather variables; in addition to its high adjusted R2 linked to the trend alone,

it is the only variety for which SOI is not statistically significant. This variety is less af-

fected by extreme weather, which can explain these results (Haeger & Storchmann, 2006).
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Table 4:
Results of the yearly regressions

Variable CS Var. CS Zi PN Var. CH
(Int.) -11.937 ** (Int.) -16.644 *** -12.035** -9.871*** (Int.) -15.708***

[3.377] [3.562] (4.072) [1.622] [2.425]
yPrec -0.286 * yDiff 0.233 ** 0.216** 0.074 . yAT 0.114*

[0.110] [0.080] (0.061) [0.041] [0.046]
SOI -0.288 . SOI -0.302 * -0.297** -0.108 SOI -0.169*

[0.155] [0.148] (0.099) [0.066] [0.074]
Trend 0.158 *** Trend 0.137 ** 0.093 . 0.106*** Trend 0.118***

[0.037] [0.041] (0.050) [0.019] [0.018]
Adjusted R2 0.436 0.450 0.351 0.556 0.595
p-value JB test 0.546 0.616 0.101 0.722 1.532e-06
p-value BP test 0.095 0.063 0.393 0.0138 0.626

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.

The Chardonnay stands out from this yearly analysis. It is the only variety that is

not affected by yDiff, yPrec nor yMaxT, but that gives better results by including the

average temperature in the regression. This could indicate that the Chardonnay is less

sensitive to rain and more sensitive to temperature. The sign of the coefficient of the

temperature is in line with what has been seen in the literature review.

The highest adjusted R-squared is obtained by the regression on the Chardonnay, fol-

lowed by the Pinot Noir, Cabernet Sauvignon and Zinfandel. However, because this is

probably due to the trend, all the models were analyzed without their trend. The results

are given in table A5 of the Appendix. By removing the trend, the adjusted R-squared

of all the models, except one, dropped consequently. Only the model of the Zinfandel

is not highly affected by its trend: all the variables are still statistically significant and

the adjusted R-squared only decreased by 4.3%. The quality ratings of the Zinfandel

seem to be more affected by the weather than the three other varieties. In contrast to

the Zinfandel, the Pinot Noir shows completely different results. By removing the trend,

its adjusted R2 drops sharply, down to 16.1%. The decreases in the adjusted R2 of the

Cabernet Sauvignon and the Chardonnay are smaller than for the Pinot Noir, but still

higher than for the Zinfandel.

A last thing that can be observed is that, by removing the trend, the statistical signifi-

cance of the variables yPrec, yDiff and yAT increased, becoming statistically significant

at a level of 0.1% and 1%. This could be linked to the fact that, for all varieties, it could

not be rejected at a level of 5% that yAT and yDiff experience a positive trend. They
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take thus the explanatory part of the trend partially over.

The yearly regressions indicate that the weather probably has an impact on the qual-

ity ratings of the wines. However, all the varieties don’t react the same way and the

impact seems to be limited. The yearly regressions performed better than the regressions

described by model 8, which suggests that it is probably possible to find better models

by taking the right seasonal weather variables into account. Therefore, for every wine

variety, various models were tested to try to find the one that best describes the variation

in wine quality ratings.

4.3 Seasonal analysis

This paragraph will give the results of the seasonal regressions that had the most statis-

tically significant variables and the highest adjusted R2 found in this research. Again, to

not induce a multicollinearity problem, not all variables could be put together in a re-

gression. The main correlation patterns are that the average temperature of every season

is positively correlated with the maximum and minimum temperature and the difference

between both (=Diff ) of the same season. Moreover, the precipitation of each season was

again negatively correlated with the variable ”Diff ” of the same season. SOI and trend

have no high correlation with the variables and they could thus always be added to the

regressions. Lastly, for every wine variety, other variables are used in the models. The

reason for this is that, when the variables used for the regressions on the rating quali-

ties of one variety were tested on another variety, the models performed badly. This can

be a sign that the wine varieties don’t react exactly the same way to the weather variables.

The first results that are analyzed are the one of the Cabernet Sauvignon. The results

are given in table 5. Not surprisingly, the trend is statistically significant at a level of

0.1%. The variable that seems to have the highest influence on the quality rating of the

CS, after the trend, is the SOI, being again negative. Following this, the minimum tem-

peratures during the harvest season were often statistically significant. Although it could

seem a bit counterintuitive that the coefficient of MinTH is negative, indicating that if

the minimum temperatures during the harvest season increase, it will negatively impact

the wine rating, this can be explained. Because it is, on average, hot in California, this

could indicate that having some colder temperatures will positively impact the quality

of the wine. When the temperatures are too high, the grapes tend to ripen too fast.

This can lead to dehydrated fruits and unbalanced wines, with a high alcohol level and

low acidity. Having periods of colder temperatures (during the night for example) can

help offset this effect (Dominé, 2001), which could explain that MinTH has a negative



33.

impact on the wine quality, and not ATH (Jones et al., 2005; Ollat et al., 2016). This

also confirms that higher temperatures are not always better when it comes to wine, as

was mentioned in this literature review. In addition, model A indicates that the precip-

itation seems to influence the wine quality negatively, again. More rain leads to lower

quality of the Cabernet Sauvignon. Model B was tested with, DiffEG and DiffG. They

are positively correlated with the variable MaxT, but not with the variable MinT of the

same period. A positive sign indicated thus that, although too high temperatures during

the harvest period negatively impact wine quality, having hotter temperatures during the

growing and early-growing season will increase the wine quality for the Cabernet Sauvi-

gnon. The results of the same regression, without including the trend variable are given in

the Appendix, table A6. Although model A, including PrecW and PrecG and the trend,

performed better than model B, when removing the trend in both models, the adjusted

R2 of model A dropped more sharply than for model B. This is why model B is also given

here. Without trend, DiffEG is statistically significant at a level of 1%. This reinforces

the importance of including a trend variable if the goal is to describe the wine quality more

accurately. Despite the sharp drop in the adjusted R2, the signs of the weather coefficient

all remain the same when removing the trend, which strengthens the validity of the model.

Table 5:
Results of the seasonal regression of the Cabernet Sauvignon

Model A Estimate Std. Error Model B Estimate Std. Error

(Intercept) -3.486 (4.092) (Intercept) -11.990 * (5.282)

PrecW -0.078 * (0.037) DiffEG 0.062 . (0.036)

PrecG -0.479 . (0.259) DiffG 0.134 . (0.079)

MinTH -0.230 ** (0.068) MinTH -0.140 . (0.073)

SOI -0.375 ** (0.116) SOI -0.323 ** (0.116)

trend 0.193 *** (0.033) trend 0.170 *** (0.036)

Adjusted R2 0.524 Adjusted R2 0.506

p-value JB test 0.999 p-value JB test 0.479

p-value BP test 0.154 p-value BP test 0.644

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.

To conclude, the rain seems to have a negative impact on the Cabernet Sauvignon, whereas

warmer temperatures during the growing and early-growing season, combined with some

colder temperatures during the harvest season (to avoid the grapes ripening too fast),

have a positive impact on the quality of the Cabernet Sauvignon. However, the statis-
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tical significances of the variables are quite unstable. This can clearly be observed with

the results of the same regressions without trend, which show almost no variables being

statistically significant. Furthermore, when testing PrecW and DiffEG together in a

model (the two only variables that are statistically significant without trend), PrecW was

not statistically significant anymore. This confirms that the models are quite unstable.

Despite that, DiffEG seems to really impact the Cabernet Sauvignon because a model

with only DiffEG as an explanatory variable has an adjusted R2 of 19.79%. Nevertheless,

it is important to nuance this information with the results of the Mann-Kendall test of

DiffEG, which rejected the assumption of no monotonic trend for this variable at a signif-

icance level of 7% (2sided p-value = 0.062). It could thus be that the increased statistical

significance of DiffEG is due to its ability to capture a portion of the improving wine

qualities, associated with better technology and vineyard management. Lastly, including

the trend probably allows the weather variable to explain the small variation in quality

not explained by the trend, which is why they are not significant anymore without the

trend.

Concerning the Chardonnay, the same kind of results are obtained (see table 6). The

fact that MinTEG and ATG are statistically significant at a level of 5% indicates that the

quality of the Chardonnay is somewhat positively impacted by the temperature, as was

the case in the yearly analysis. Colder minimum temperatures during the early-growing

season have a negative impact on the Chardonnay, which is in line with what is expected:

freezing temperatures during the early-growing season can be disastrous for the grapes

(Ashenfelter & Storchmann, 2016). The coefficient of DiffH has a positive sign and is

somewhat statistically significant, indicating that higher temperatures during harvest are

positive for the wine quality. Due to its negative correlation with PrecH , this can some-

what indicate that rain during harvest has a negative impact on quality ratings, which is

expected. SOI is again negative, confirming the negative impact of La Ninã episodes on

the wine quality. When removing the trend, model B performed better than model A,

with an adjusted R2 of 20.2%, compared to 8.4% for model A. The results are given in

table A7 of the Appendix. The fact that all the signs of the weather coefficient remain

the same with or without a trend, supports the credibility of the model. When the trend

is not included, ATG seems to have the highest influence on the rating quality of the

Chardonnay. However, this information is to be treated with caution because the null

hypothesis of the Mann-Kendall test (that there is no monotonic trend in the series) was

rejected for the variable ATG at a level of 6% (2-sided p-value = 0.053). Similarly to what

is observed for the Cabernet Sauvignon, it is difficult to know if the higher adjusted R2 of

model B without trend is because ATG has a higher influence on the wine quality of the

Chardonnay, or if it is because ATG captures a part of the higher ratings due to better
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technology and vineyard management.

Table 6:
Results of the seasonal regression of the Chardonnay

Model A Estimate Std. Error Model B Estimate Std. Error

(Intercept) -14.822 *** [2.063] (Intercept) -14.753 *** [3.23]

MinTEG 0.079 * [0.035] ATG 0.106 * [0.052]

DiffH 0.052 . [0.028] DiffG -0.080 [0.048]

SOI -0.166 . [0.094] DiffH 0.033 [0.031]

Trend 0.128 *** [0.017] SOI -0.155 . [0.079]

Trend 0.117*** [0.016]

Adjusted R2 0.600 Adjusted R2 0.577

p-value JB test 3.399e-05 p-value JB test 3.344e-05

p-value BP test 0.497 p-value BP test 0.832

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1%, 1%, 5% and 10% level.

To conclude, similarly to the yearly regression, the variables related to temperature are

more statistically significant than the precipitation, concerning the quality ratings of the

Chardonnay. By including the trend, model A has the highest adjusted R-squared of

all the models that were tested for this research. This model is able to explain 60% of

the variation in the quality ratings of the Chardonnay wine, which is quite good. De-

spite this, it is important to keep in mind that the regression including only the trend has

an adjusted R2 of 49.1%. Including the weather variables improve the model only slightly.

The results of the seasonal regression for the Zinfandel are given in table 7. As was

mentioned in the yearly analysis, the Zinfandel variety has the lowest two-sided p-value

in the Mann-Kendall test and is thus the wine variety where the hypothesis of no mono-

tonic trend in the series can be the least rejected. This can partially explain the lower

adjusted R-squared obtained for both seasonal regressions. Except for the trend and the

SOI (which show the same results as expected, similar to the other varieties), the variable

that is the most often statistically significant is PrecW and DiffW . Because better sta-

tistical results are obtained by including DiffW , this variable is kept in the model shown

in this paper (both cannot be together in a model due to their high negative correlation).

The fact that the coefficient of DiffW is positive is in line with the results of table 3,

but is counterintuitive. Higher maximum temperatures during the winter, and thus less

rain (given their high negative correlation), tend to positively impact the quality of the

Zinfandel. This is counter-intuitive as other results seen in the literature review indicated
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that having more rain during the winter improved the wine quality. Another observation

that can be made is that, by adding the variables PrecG, ATG, and AT 2
EG to model B, the

adjusted R-squared increases by 8.3%. However, these variables are not statistically sig-

nificant anymore after removing the trend from the model (see table A8 in the Appendix).

The fact that the coefficient of rain during the growing period is negative, implies that

rain during the growing period has also a negative impact on the Zinfandel’s quality. The

results of this regression indicate that the Zinfandel needs very dry summers to give qual-

itative wines. Here, the signs of ATG and AT 2
EG are the ones expected, indicating that

warmer growing seasons positively impact wine quality, up to a certain point. The signs

of all the coefficients remain the same after removing the trend from the model, which

reinforces the validity of the models.

Table 7:
Results of the seasonal regression of the Zinfandel

Model A Estimate Std. Error Model B Estimate Std. Error

(Intercept) -117.740 * (45.654) (Intercept) -9.925 * (4.072)

DiffW 0.099 ** (0.029) DiffW 0.114 *** (0.031)

PrecG -0.336 . (0.179) SOI -0.276 ** (0.096)

ATEG 3.853 * (1.633) Trend 0.103 * (0.048)

AT 2
EG -0.035 * (0.015)

SOI -0.294 ** (0.093)

Trend 0.151 ** (0.051)

Adjusted R2 0.445 Adjusted R2 0.362

p-value JB test 0.594 p-value JB test 0.368

p-value BP test 0.384 p-value BP test 0.188

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1%, 1%, 5% and 10% level.

The Zinfandel is the variety that obtains the highest adjusted R2 without the trend

included in the regression. It is also the only one for which the SOI was statistically

significant without the trend. The fact that the trend is less statistically significant could

be due to several factors. It could be that the weather has a bigger influence on this wine

variety, which makes it less stable. However, as the climate is really stable in California,

and that the adjusted R2 of the regressions are relatively low, this is probably not the

only reason. What could explain this higher volatility in rating quality is the fact that all

grapes of the Zinfandel don’t ripen at the same speed. This means that the winemakers

often let the grapes ripen longer, and the grapes can therefore rot more easily (Jancis
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Robinson, 2023). This could explain why ATEG and AT 2
EG are statistically significant for

this wine. If temperatures are too hot, the uneven ripening process could be even stronger,

as some grapes will then ripen too fast, leading to less good wines (Ewing-Mulligan &

McCarthy, 2016; Jancis Robinson, 2023). Furthermore, this variety tends to produce an

excessive amount of grapes, resulting in a wine that lacks concentration. The Zinfandel

requires thus more attention than other wine varieties (Jancis Robinson, 2023), which

could explain why the ratings of this wine variety are more volatile.

Lastly, the results for the seasonal analysis of the Pinot Noir are given in table 8. It

is the only model for which no model was found for this research with weather variables

statistically significant at a level of 5%, or better. It is striking that when the trend (see

results table A8) is removed, the adjusted R-squared becomes extremely small (0.0989%),

and none of the variables are statistically significant. This confirms once again that Pinot

Noir does not seem to be affected by climate in the Sonoma and Napa Valley and that

the trend has the highest explanatory power.

Table 8:
Results of the seasonal regression of the Pinot Noir

Variable Estimate Std. Error

(Intercept) -11.281*** [1.889]

Diff G 0.074 . [0.040]

SOI -0.112 . [0.064]

Trend 0.119*** [0.018]

Ajd. R2 0.560

p-value JB test 0.925

p-value BP test 0.018

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.

4.4 Summary of the results

While a lot of models were analyzed, some conclusions can be made. The explanatory

power of the trend is the most striking. The quality ratings of the wine varieties expe-

rience a clear upward trend. This indicates that factors such as more experience, better

technology, and/or the influence of score inflation indeed played a role in the evolution of

wine quality of the four North Coast Californian wines. It is possible that, by including

a trend, it allows the weather variables to explain the small variation in wine quality, not

linked to the trend. However, as the trend plays a crucial role in capturing the variation
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in wine quality, the weather variables cannot explain independently the variation in the

wine quality. Their predictive power is quite weak.

However, the variation in the quality ratings of the Cabernet Sauvignon and Zinfandel

are less explained by the trend than the other variables. They are also the wine varieties

that have the quality ratings with the highest standard deviation and CV, meaning their

quality ratings fluctuate more than the others. This could be the first indication that

these varieties of wine are more influenced by the weather than the two other varieties.

The Cabernet Sauvignon, however, is still more impacted by the trend than the Zinfan-

del, which can explain the fact that its models obtain higher adjusted R2. As mentioned

before, the Zinfandel is known to demand higher care due to its uneven ripening of the

grapes and its excessive production of amounts of grapes per plant (Jancis Robinson,

2023), which could explain a part of its higher volatility in quality ratings. This could

explain why the trend is less statistically significant.

The Pinot Noir and the Chardonnay, on the other hand, have a really clear influence

of a trend. The results of the Mann-Kendall test (given as footnote of figure A3) and

their high adjusted R2 linked to their trend alone (see table A10) show this. However,

the Chardonnay seems to be more influenced by the weather than the Pinot Noir as it

shows a higher adjusted R-squared than the Pinot Noir, with and without trend. The

Pinot Noir is the wine variety that improved the least by adding weather variables in the

models, which indicates that its quality is almost not influenced by the weather.

Another striking finding is the consistent statistical significance of the Southern Oscil-

lation index at a level of 10% or better. However, when the trend is removed, the signifi-

cance of this variable decreases and is only statistically significant for the Zinfandel. The

SOI is thus a good variable to add when analyzing the wine quality. Based on the results,

it can be concluded that La Ninã episodes negatively impact wine quality, while El Ninõ

can have a positive influence on wine quality.

Furthermore, the rain seems to have negative coefficients, indicating that more rain tends

to lower the quality of the wines. The variables Diff are often statistically significant,

indicating that taking extreme weather variables into account, instead of only looking at

the average temperatures, can help to improve the models.

Although for every wine variety, a performing model was found, the impact of the climate

on the quality ratings stays very limited. The yearly regression performed almost as well

as the seasonal regression. The reason for that could be that the climate in the Napa
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and Sonoma county region is consistent throughout the year, with distinct patterns such

as warm and dry summers and rainy winters. As a result, the yearly weather variables

capture enough information. The stability of the weather variables is evident when con-

sidering the coefficient of variation (CV) of the seasonal weather variables, which ranges

from 0.2 to 1.09. The weather is very stable and splitting the weather variables by season

seems to only improve the models slightly. The fact they are so stable is probably the

reason why they cannot explain the variation in the quality rating of the different wine

varieties.

To conclude, by providing a more profound analysis of each wine variety, the goal was to

indicate that, despite the very stable climate and the improvement in wine knowledge and

technology, the weather variables still have some degree of influence on the variations in

wine quality. For the four wine varieties, the variable trend, which includes non-weather

related variables, such as technological improvements, better experience or increase in

wine knowledge, and/or a time-dependent bias in wine critics, has the most explanatory

power for wine quality. This explains the limited explanatory power of the weather vari-

ables. However, this research showed that the weather variables cannot be completely

ignored when analyzing the quality of North Coast Californian wines. Including them in

the models results in an improvement of the adjusted R2 of the models, which is modest,

but not negligible.
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5 Discussion and further improvement points

As mentioned above, despite the very stable climate in the Napa and Sonoma county and

the high explanatory power of non-weather variables (trend), this research could demon-

strate that the weather variables have some degree of influence on the variations in wine

quality. However, this research has some limitations. Firstly, the results of this research

are only applicable to the Californian state. Specifically, it is only applicable on the CNC

Cabernet Sauvignon, CNC Chardonnay, CNC Zinfandel, and CNC Pinot Noir from 1978

to 2018. It is therefore not possible to generalize the findings of the statistical analyses

done in this research to other grapes varieties, regions or years.

Another limitation is that the analysis done in this research is based on the quality

ratings provided by RPWA. It is important to note that RPWA’s ratings are very specific

and tailored to their criteria. Secondly, while RPWA claims to have a rigorous selection

process for their reviewers, including individuals with extensive expertise and knowledge

in specific wine regions, there is still the possibility of subjective elements influencing

the ratings. Indeed, although the reviewer team adheres to a strict code of ethics to

maintain impartiality, the subjectivity of wine tasting cannot be completely eliminated.

Furthermore, RPWA itself acknowledges that the written commentary, or tasting notes,

accompanying the ratings offer more comprehensive insights into a wine style, personality,

value, aging potential, and quality in comparison to peers than the scores alone (Robert

Parker Wine Advocate, 2023a). Therefore, it is important to consider these limitations

when interpreting and drawing conclusions from the quality ratings used in this research.

Moreover, the quality ratings analyzed in this research are calculated as a mean of several

individual ratings, given to wines of a specific variety, in a specific year. The fact that

it is the mean of several different ratings may have reduced the volatility of the quality

ratings. This could potentially ”hide” a significant part of the volatility in the ratings

that could have been attributed to weather factors. Analyzing wines more precisely, by

taking a lower number of different wines per grape variety into account could help find a

higher degree of influence of the climate on the wine quality.

In addition to that, the weather variables considered in this research are also averaged

values. Including only average values of the weather variables in the multiple linear re-

gressions may neglect the impact of extreme weather conditions on wine quality. Efforts

were made to reduce this effect, by taking MinT , MaxT and Diff into account. Despite

that, these variables are still computed as an average of the minimum and maximum

temperatures, and the difference between both respectively and are thus not completely
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representative of extreme weather patterns. Including Max(MaxT ) and Min(MinT ) in

the models, as done in the work of Charlin & Cifuentes (2023), or other extreme weather

patterns, could have potentially improved the explanatory power of the models.

Furthermore, as well as taking the average values into account, the variables are also

computed as average values of the climate throughout the whole of Sonoma and Nappa

Counties. Although this effect was a bit reduced by taking a weighted average, specific to

every wine variety, into account, taking the climate of the whole county probably makes

the weather variables more stable than they really are, which could also have an impact

on the outcome of this research. In these counties, the different varieties grow in very

specific regions, that are located at different altitudes and are thus influenced by slightly

different climates, which is not represented in this research.

Following this, although a trend is included in the models, which takes some effects not

related to climate into account, the effects of the different vineyard characteristics, such

as soil, terroir, and altitude are not taken into account as the quality ratings are averaged

values. It was thus not possible to take these into account for this research. It could

therefore be interesting to add these variables in future models by computing the same

kind of analysis, while focusing on specific wines, for which it is possible to add variables

related to their specific location, in the models.

Another limitation of this research is that, although the statistical analyses done in

this research are based on several climate factors, they certainly do not encompass all

potential weather variables that impact the quality of the wine. Cloudiness, humidity

and sun hours could be examples of interesting variables to analyze (Charlin & Cifuentes,

2022, 2023)). However, these variables are difficult to collect and thus may be less reliable.

An additional aspect to mention is that the yearly average temperatures described in

this research experience a positive trend over time. It is therefore difficult to assess if a

part of the increasing quality ratings is in fact due to these increasing temperatures, and

if the trend added to the models does take into account the effect of increased tempera-

tures over time, or not. The trend seems to improve the models, which is why it was used.

Another aspect to consider is that, because the climate is so stable in these regions,

the weather variables are a lot correlated between them. The reason why the yearly pre-

cipitation is negatively correlated with the yearly average temperature is that it tends to

rain a lot during the winter and not in the summer. This impact is reduced by taking

seasonal variables. Despite this, the correlation between the seasonal weather variables
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didn’t completely disappear and some of them stay correlated. This makes the models

somewhat unstable. For example, Diff and Prec were often statistically significant, but

Diff gave better results. It is thus difficult to assess to what extent the precipitation has

an influence on the wine quality ratings, or if the temperature indeed has more impact

on the wine quality. Moreover, some variables are statistically significant, and by adding

other variables, become not statistically significant anymore. Although this research has

tried to present the best-performing models for each wine variety (which are models that

have the highest adjusted R2 and the most statistically significant variables), it is diffi-

cult to be certain which weather variable actually has the greatest impact on each wine

variety. A good example is the case of ATEG, which is not statistically significant for the

first model analyzed for the Zinfandel (see table 3), but is well in the seasonal analysis

of the Zinfandel (see table 7). This makes the impact of the average temperature on the

Zinfandel during the early-growing season therefore difficult to assess.

To conclude, the models presented in this research are a good illustration that the weather

variables play a (modest) role in the quality of the various wines. However, the exact im-

pact is difficult to conclude based on these models, as other models were possible, with

other variables being statistically significant. Despite this, the models presented in this

research are the ones that have the highest adjusted R-squared, found during this re-

search. This could thus be a first indication that the weather variables presented in the

models are the ones that impact the quality ratings of the four wine varieties the most,

although additional analyses are needed to further confirm this.
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6 Conclusion

This research examines the relationship between weather conditions and the quality of

four distinct wine varieties: the Californian North Coast Cabernet Sauvignon, Chardon-

nay, Zinfandel and Pinot Noir. This paper relies on a data set of respectively 12,989,

6,268, 6,124, and 3,599 quality ratings, along with monthly weather variables, collected

over a period of 41 years. The objective of this analysis is to determine whether including

specific weather factors in the models can permit to obtain performing models, capable of

describing a greater variation in the quality ratings of the four wine varieties. The quality

ratings were transformed to account for the fact that they are bounded between 50 and

100, and the weather variables were averaged over two counties for greater precision.

The main conclusion of this research is that weather does play a role in explaining the

variations in wine quality. However, this role is quite limited. Winemakers are able to

limit the impact of the weather by employing new technologies and knowing which grape

varieties grow best in which specific place. This knowledge helps them achieve better

results and mitigate the impact of weather on their wine production. The statistical

significance of the trends for each wine variety confirms an overall improvement in wine

quality over time. Without considering the trend, the explanatory power of the models is

reduced, indicating that the impact of the weather on the wine quality is indeed limited.

The consistent weather of California is probably also reducing this impact, as the weather

there is optimal to produce wine.

Despite this limited impact, the results of this research reveal that the wine varieties

don’t react the same way to the weather variables. The models for the Zinfandel have the

smallest adjusted R2, and it is also the variety that is the least influenced by the trend.

The quality ratings of this variety are also the most volatile. This can be explained by

the fact that the Zinfandel demands higher care due to the uneven ripening process of its

grapes and because it tends to give too many grapes, which results in a wine that lacks

concentration (Jancis Robinson, 2023). The Cabernet Sauvignon also seems to be quite

influenced by the weather. By adding weather variables to the models, the adjusted R2 of

the models improved consequently (52.4% and 50.6%), compared to the model with the

trend as the only explanatory variable (29.5%). In addition to this, the adjusted R2 of the

Chardonnay’s models also improves a bit by adding weather variables to the models, but

it improves less than it does for the CS. The influence of the weather is limited. Despite

the limited impact of the weather on the quality ratings, it is the variety that obtained

the model with the highest adjusted R2. It is thus the model for which the highest pro-

portion of variance in the quality ratings is described by the dependent variables. Lastly,
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the Pinot Noir is the variety that seems the least influenced by the weather variables.

The adjusted R-squared of the models only slightly increased, and no model was found

with weather variables statistically significant at a level of 5%, or better. Furthermore,

without the trend, the adjusted R2 of its model becomes ridiculously small (going from

56.0% with a trend to 0.0989% without a trend). This is in line with the research of

Haeger & Storchmann (2006) that states that the Pinor Noir is less affected by extreme

weather.

All this highlights the importance of analyzing wine varieties separately in future re-

search. Nonetheless, the precipitation and the Southern Oscillation Index seem to have

a negative impact on the quality of the four wine varieties. The variable Diff is often

statistically significant, and often has a positive coefficient, indicating that a greater dif-

ference between the maximum and minimum temperatures can have a positive impact on

the wine quality. The fact it is often statistically significant highlights the importance of

taking extreme weather factors into account when analyzing the influence of the weather

on the wine quality (or wine prices). The average temperature, on the other hand, does

not appear to be the factor that impacts the wine quality the most. When it does, it

is positive, indicating that warmer temperatures positively affect wine quality. Although

the increasing temperatures have been shown to be mostly beneficial for wine until now,

”the warmer the better” has been shown to be incorrect for several wine varieties, in

several studies (Ashenfelter & Storchmann, 2016; Charlin & Cifuentes, 2023; Haeger &

Storchmann, 2006; Jones et al., 2005; Niklas & Rinke, 2020; Oczkowski, 2016; Ollat et

al., 2016; Ramirez, 2008). The results obtained for the seasonal analysis of the Zinfandel

confirm that excessively high temperatures can have a negative impact on the wine quality.

As climate change continues to be a concern worldwide, it is crucial to acknowledge

that its influence on wine quality, and thus wine production and prices, will continue,

and could become more important around the world. The impact of climate change will

probably differ in function of the various regions and wine varieties. Furthermore, climate

phenomena, such as El Ninõ and La Ninã episodes could also be influenced by climate

change, increasing their impact on wine quality. Assessing which weather variables has a

greater influence on the wine quality could therefore help the winemakers to reduce the

impact of the weather on the wine quality. This could have an impact on wine prices and

therefore help winegrowers to better manage their vineyards and remain profitable.

Although this research shows the impact of the weather on the wine quality is limited, it

still shows that they have some influence on the wine quality, that cannot be neglected.

This research helped to develop a better understanding of which variables impact the
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wine quality of the different varieties. This paper confirms that grape varieties need to

be analysed separately and that their quality reacts differently to the weather. Moreover,

the impact of the Southern Oscillation Index is shown and it could therefore be an impor-

tant variable to include in further research. This paper also shows the positive impact of

performing a logistic transformation on the quality ratings, in order to obtain data that

better fit the regression models.

It is thus primordial to keep an eye on the changing weather conditions, to give an

insight on which future adaptation strategies winemakers could have to make, such as

new technological innovation or relocating their vineyards to more suited regions.
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A Appendix

A.1 Figures

Figure A1: Californian Counties1

Figure A2: Evolution of the dating ranges before and after transformation

1(NOAA National Centers for Environmental Information, 2023d)
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Figure A3:
Evolution of the dating ranges and their trend 2

Figure A4: Correlation between the
yearly variables for the Cabernet Sauvi-
gnon

Figure A5: Correlation between the
yearly variables for the Chardonnay

2The 2-sided p-value of the Mann Kendall test, that has as null hypothesis that there is no monotic
trend in the series, were respectively 0.00012517, 4.7684e-07, 0.02405 and 1.1921e-07.
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Figure A6: Correlation between the
yearly variables for the Zinfandel

Figure A7: Correlation between the
yearly variables for the Pinot Noir
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A.2 Tables

Table A1: Summary Statistics of the yearly SOI and the weather
variables per county: Winter and Early-Growing season

Weather Variables Mean (µ) SD (σ) CV (σ/µ) Min Max
Yearly SOI (N=492) 0.02 0.74 / 1 -1.85 1.82

WINTER (Nov-Feb)
Cabernet Sauvignon

AT (N= 164) 48.98 1.46 0.03 45.96 53.25
Prec (N=164) 5.88 2.28 0.39 1.62 10.41
MaxT (N=164) 58.42 1.99 0.03 54.95 63.85
MinT (N=164) 39.53 1.71 0.04 36.55 43.59
Diff (N=164) 18.89 2.28 0.12 15.05 24.46
Chardonnay
AT (N= 164) 49.32 1.41 0.03 46.40 53.67
Prec (N=164) 6.81 2.59 0.38 1.91 12.78
MaxT (N=164) 58.44 1.90 0.03 55.26 63.77
MinT (N=164) 40.19 1.77 0.04 36.82 44.37
Diff (N=164) 18.26 2.35 0.13 2.10 14.17
Zinfandel

AT (N= 164) 49.35 1.41 0.03 46.44 53.7
Prec (N= 164) 6.89 2.62 0.38 1.93 12.97
MaxT (N= 164) 58.44 1.89 0.03 55.28 63.77
MinT (N= 164) 40.24 1.78 0.04 36.84 44.43
Diff (N=164) 18.20 2.35 0.13 14.10 24.07
Pinot Noir
AT (N= 164) 49.46 1.39 0.03 46.59 53.84
Prec (N=164) 7.21 2.73 0.38 2.03 13.79
MaxT (N=164) 58.45 1.86 0.03 55.39 63.74
MinT (N=164) 40.47 1.8 0.04 36.92 44.69
Diff( N=164) 17.99 2.38 0.13 13.80 23.95

EARLY GROWING (Mar-Apr)
Cabernet Sauvignon

AT (N= 82) 54.34 2.06 0.04 50.30 58.76
Prec (N=82) 3.53 2.36 0.67 0.20 9.82
MaxT (N=82) 65.83 3.06 0.05 59.16 72.26
MinT (N=82) 42.85 1.54 0.04 39.77 45.47
Diff (N=82) 22.98 2.52 0.11 16.71 27.67
Chardonnay
AT (N= 82) 53.58 1.94 0.04 49.72 57.58
Prec (N=82) 4.11 2.73 0.66 0.29 12.03
MaxT (N=82) 64.41 2.89 0.04 58.02 70.50
MinT (N=82) 42.74 1.51 0.04 39.45 45.33
Diff (N=82) 21.67 2.48 0.11 15.57 26.33
Zinfandel
AT (N= 82) 53.52 1.93 0.04 49.67 57.49
Prec (N= 82) 4.16 2.76 0.66 0.29 12.21
MaxT (N= 82) 64.29 2.88 0.04 57.92 70.36
MinT (N= 82) 42.73 1.51 0.04 39.42 45.32
Diff (N= 82) 21.57 2.48 0.11 15.47 26.22
Pinot Noir
AT (N= 82) 53.26 1.89 0.04 49.47 57.09
Prec (N= 82) 4.36 2.9 0.67 0.32 12.97
MaxT (N= 82) 63.81 2.83 0.04 57.53 69.75
MinT (N= 82) 42.69 1.5 0.04 39.31 45.28
Diff (N= 82) 21.12 2.48 0.12 15.08 25.77

Source: Table prepared by author. AT,MaxT andMinT are computed in degrees Fahrenheit,
Prec is computed in Inches.

1 The Coefficient of variation can not be computed for the SOI because the mean is close to
zero (Adam Hayes, 2023)
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Table A2: Summary Statistics of the weather vari-
ables per county: Growing and Harvest Season

Weather Variables Mean (µ) SD (σ) CV (σ/µ) Min Max

GROWING (May-Aug)
Cabernet Sauvignon

AT (N= 164) 68.29 1.30 0.02 65.20 70.47
Prec (N= 164) 0.31 0.32 1.03 0.02 1.20
MaxT (N= 164) 83.29 1.72 0.02 79.43 86.29
MinT (N= 164) 53.27 1.05 0.02 50.44 55.24
Diff (N= 164) 30.01 1.17 0.04 26.88 32.07
Chardonnay
AT (N= 164) 65.55 1.19 0.02 62.83 67.57
Prec (N= 164) 0.35 0.38 1.09 0.02 1.47
MaxT (N= 164) 79.34 1.61 0.02 75.78 82.27
MinT (N= 164) 51.74 0.98 0.02 49.38 53.41
Diff (N= 164) 27.60 1.20 0.04 24.52 29.88
Zinfandel

AT (N= 164) 65.32 1.18 0.02 62.64 67.33
Prec (N= 164) 0.36 0.38 1.06 0.02 1.49
MaxT (N= 164) 79.02 1.6 0.02 75.49 81.94
MinT (N= 164) 51.62 0.98 0.02 49.3 53.31
Diff (N= 164) 27.40 1.21 0.04 24.33 29.70
Pinot Noir
AT (N= 164) 64.38 1.15 0.02 61.83 66.33
Prec (N= 164) 0.37 0.4 1.08 0.01 1.58
MaxT (N= 164) 77.66 1.57 0.02 74.23 80.56
MinT (N= 164) 51.09 0.97 0.02 48.94 52.88
Diff (N= 164) 26.57 1.23 0.05 23.52 28.94

HARVEST (Sept-Oct)
Cabernet Sauvignon

AT (N= 82) 65.74 1.56 0.02 62.70 69.16
Prec(N=82) 0.96 0.80 0.83 0.00 2.88

MaxT (N=82) 80.06 2.17 0.03 75.36 84.32
MinT (N=82) 51.43 1.20 0.02 49.53 54.21
Diff (N= 82) 28.63 1.61 0.06 25.37 31.79
Chardonnay
AT (N= 82) 64.11 1.50 0.02 61.32 67.58
Prec (N=82) 1.13 0.91 0.8 0.00 3.61
MaxT (N=82) 77.60 2.08 0.03 73.02 81.95
MinT (N=82) 50.62 1.21 0.02 48.83 53.25
Diff (N= 82) 26.98 1.61 0.06 23.48 30.13
Zinfandel
AT (N= 82) 63.98 1.5 0.02 61.2 67.46
Prec (N= 82) 1.15 0.92 0.80 0.00 3.67
MaxT (N= 82) 77.4 2.08 0.03 72.83 81.77
MinT (N= 82) 50.56 1.21 0.02 48.78 53.17
Diff (N= 82) 26.84 1.62 0.06 23.33 30.00
Pinot Noir
AT (N= 82) 63.42 1.49 0.02 60.73 66.92
Prec (N= 82) 1.21 0.96 0.79 0.00 3.92
MaxT (N= 82) 76.55 2.06 0.03 72.02 81.03
MinT (N= 82) 50.28 1.23 0.02 48.46 52.98
Diff (N= 82) 26.28 1.64 0.06 22.68 29.43

Source: Table prepared by author. AT, MaxT and MinT are computed in degrees Fahrenheit, Prec is
computed in Inches.
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Table A3:
Summary Statistics of the transformed quality rating 1

Variables Mean (µ) SD (σ) CV (σ/µ) Min Max
Cabernet Sauvignon (N= 41) 1.61 0.72 0.45 0.08 3.18

Chardonnay (N= 41) 1.33 0.51 0.38 0.00 2.44
Zinfandel (N= 41) 1.06 0.53 0.5 -0.08 2.20
Pinot Noir (N= 41) 1.18 0.37 0.31 0.41 1.99

Source: Table prepared by authors.
1 Here, N= 41 as the transformation is done on the yearly quality ratings.

Table A4:
Results of the four regressions described by model 8 without trend

Model 8 CS CH Zi PN
(Intercept) -19.451 320.282 172.593 -13.027

[273.703] (214.903) (149.583) [22.485]

ATG 0.423 -9.984 -5.392 0.373
[8.066] (6.593) (4.594) [0.683]

AT 2
G -0.002 0.077 0.042 -0.002

[0.059] (0.050) ( 0.035) [0.005]

ATEG 0.082 0.079 . 0.050 0.005
[0.060] (0.045) (0.046) [0.032]

PrecH -0.174 -0.117 -0.120 -0.088
[0.137] (0.085) (0.085) [0.077]

PrecW -0.110* -0.004 -0.091** -0.038 .
[0.050] (0.031) (0.031) [0.022]

SOI -0.114 -0.094 -0.254* -0.003
[0.157] (0.114) (0.117) [0.082]

Adjusted R2 0.151 0.146 0.228 0.038
p-value JB test 0.871 0.131 0.661 0.462
p-value BP test 0.099 0.226 0.417 0.085

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.
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Table A5:
Results of the yearly regressions without trend

Variable CS Var. CS Zi PN Var. CH
(Int.) 2.593 *** (Int.) -6.348 ** -4.792 ** -1.982 . (Int.) -14.256 ***

(0.343) [1.868] (1.382) (1.023) [3.429]
yPrec - 0.347 ** yDiff 0.320 *** 0.252 *** 0.139 ** yAT 0.269 ***

(0.116) [0.075] (0.059) (0.045) [0.059]
SOI -0.180 SOI -0.239 -0.273 * -0.066 SOI -0.032

(0.147) [0.147] (0.101) (0.076) [0.097]
Adjusted R2 0.150 0.257 0.308 0.161 0.242
p-value JB test 0.898 0.788 0.623 0.598 0.014
p-value BP test 0.266 0.063 0.612 0.205 0.886

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.

Table A6:
Results of the seasonal regression of the Cabernet Sauvignon without trend

Model A Estimate Std. Error Model B Estimate Std. Error
(Intercept) 9.330. (4.741) (Intercept) -2.299 (6.169)
Prec W -0.110* (0.050) Diff EG 0.118** (0.043)
Prec G -0.288 (0.354) Diff G 0.125 (0.099)
MinT H -0.136 (0.092) MinT H -0.050 (0.090)
SOI -0.206 (0.155) SOI -0.189 (0.143)

Adjusted R2 0.094 Adjusted R2 0.208
p-value JB test 0.917 p-value JB test 0.805
p-value BP test 0.306 p-value BP test 0.772

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.

Table A7:
Results of the seasonal regression of the Chardonnay without trend

Model A Estimate Std. Error Model B Estimate Std. Error
(Intercept) -5.999 . (3.082) (Intercept) -11.719** 4.129
MinT EG 0.104 . (0.056) AT G 0.241** (0.075)
Diff H 0.107 * (0.050) Diff G -0.174 * (0.078)
SOI -0.043 (0.108) Diff H 0.076 . (0.045)

SOI -0.006 (0.104)

Adjused R2 0.084 Adjusted R2 0.202
p-value JB test 0.236 p-value JB test 0.316
p-value BP test 0.544 p-value BP test 0.685

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1%, 1%, 5% and 10% level.
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Table A8:
Results of the seasonal regression of the Zinfandel without trend

Model A Estimate Std. Error Model B Estimate Std. Error
(Intercept) -51.794 (44.028) (Intercept) -1.311* (0.571)
Diff W 0.122*** (0.031) Diff W 0.131 *** (0.031)
Prec G -0.204 (0.192) SOI -0.241 * (0.099)
AT EG 1.841 (1.642)
AT 2

EG -0.016 (0.015)
SOI -0.229** (0.010)

Adjused R2 0.322 Adjusted R2 0.303
p-value JB test 0.717 p-value JB test 0.852
p-value BP test 0.534 p-value BP test 0.777

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1%, 1%, 5% and 10% level.

Table A9:
Results of the seasonal regression of the Pinot Noir

Variables Estimate Std. Error
(Intercept) -0.672 (1.313)
Diff G 0.070 (0.049)
SOI -0.019 (0.082)

Ajd. R2 0.000989
p-value JB test 0.858
p-value BP test 0.339

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.

Table A10:
Results of the regression of the four varieties with only their trend

Model: only trend Cabernet Sauvignon Chardonnay Zinfandel Pinot Noir
(Intercept) -12.825*** -9.603 *** -9.814* -8.771***

(3.432) [1.603] [4.55] [1.642]

Trend 0.159*** 0.123*** 0.125* 0.113***
(0.038) [0.018] [0.053] [0.019]

Ajd. R2 0.295 0.491 0.100 0.504
p-value JB test 0.110 0.020 0.218 0.397
p-value BP test 0.0701 0.490 0.039 0.020

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.
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A.3 Results of the models without the logistic transformation

Table A11:
Results of the four regressions described by model 8 w/o transformation

Model 8 CS CH Zi PN
(Intercept) -655.341 1379.437 1941.721 2.542

[1995.752] [1157.237] [1727.623] (1093.000)

ATG 18.980 -43.107 -59.922 -0.067
[59.036] [35.623] [53.035] (34.040)

AT 2
G -0.137 0.331 0.464 6.105e-04

[0.434] [0.274] [0.407] (0.265)

ATEG 0.391 0.392 0.486 0.031
[0.409] [ 0.275] [0.500] (0.222)

PrecH -1.231 -0.591 -0.742 -0.540
[0.928] [ 0.473] [0.635] (0.388)

PrecW -0.650 * 0.250 -0.801 ** -0.185
[0.315] [0.264] [0.227] (0.144)

SOI -0.992 -1.339 -2.632 . -0.868
[1.570] [ 0.859] [1.310] (0.554)

Trend 0.800 * 1.001 *** 0.684 0.995 ***
[0.301] [0.174] [0.506] (0.172)

Adjusted R2 0.267 0.500 0.230 0.512
p-value JB test 0.003 2.442e-15 0.055 0.213
p-value BP test 0.576 0.616 0.443 0.257

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.
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Table A12:
Results of the four regressions described by model 8 w/o transformation and

trend

Model 8 CS CH Zi PN
(Intercept) -25.033 2854.047 2500.397 1384.999

(1990.528) [1716.074] (2094.389) (1491.659)

ATG 2.074 -86.373 -75.564 -41.119
(58.661) [52.663] (64.470) (46.573)

AT 2
G -0.010 0.667 0.586 0.325

(0.431) [ 0.403] (0.495) (0.363)

ATEG 0.551 0.562 . 0.543 0.138
(0.435) [0.317] (0.439) (0.309)

PrecH -1.658 -1.038 -0.893 -0.842
(0.993) [0.852] (0.814) (0.538)

PrecW -0.789 * 0.069 -0.864 ** -0.322
(0.363) [0.288] (0.301) (0.199)

SOI -0.471 -0.696 -2.411 * -0.392
( 1.142) [1.193] (1.103) (0.766)

Adjusted R2 0.147 0.108 0.216 0.045
p-value JB test 0.130 1.386e-05 0.220 0.460
p-value BP test 0.169 0.275 0.539 0.145

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.

Table A13:
Results of the yearly regressions w/o transformation

Variable CS Var. CS Zi PN Var. CH
(Int.) 10.130 (Int.) -27.132 -21.718 -10.076 (Int.) -41.620 .

[23.762] [25.695] [35.135] (13.130) [21.337]
yPrec -2.170 * yDiff 1.914 ** 2.082 ** 0.601 * yAT 0.741 .

[0.874] [0.624] [0.648] (0.296) [0.389]
SOI -1.654 SOI -1.821 -2.897 * -1.053 * SOI - 1.435 .

[1.313] [1.236] [1.089] (0.481) [0.754]
Trend 0.956*** Trend 0.774 ** 0.692 0.960 *** Trend 0.986 ***

[0.257] [ 0.275] [0.442] (0.155) [0.176]
Adjusted R2 0.340 0.384 0.318 0.571 0.493
p-value JB test 0.020 0.067 0.027 0.435 < 2.2e-16
p-value BP test 0.055 0.035 0.654 0.129 0.513

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.
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Table A14:
Results of the yearly regressions w/o transformation and trend

Variable CS Var. CS Zi PN Var. CH
(Int.) 97.787 *** (Int.) 30.864 * 31.946 * 61.041 *** (Int.) -29.442

[2.348] [14.457] (13.288) (8.997) [28.184]
yPrec -2.536 ** yDiff 2.402 *** 2.350 *** 1.184 ** yAT 2.045 ***

[0.881] [0.580] (0.571) (0.395) [0.483]
SOI -1.003 SOI -1.465 -2.717 * -0.666 SOI -0.283

[1.361] [1.003] (0.973) (0.673) [0.937]
Adjusted R2 0.150 0.275 0.300 0.149 0.171
p-value JB test 0.061 0.228 0.170 0.491 2.307e-09
p-value BP test 0.340 0.036 0.947 0.735 0.817

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.

Table A15:
Results of the seasonal regression of the Cabernet Sauvignon w/o

transformation

Model A Estimate Std. Error Model B Estimate Std. Error
(Intercept) 73.790 * [31.600] (Intercept) 11.149 [40.420]
Prec W -0.561 * [0.255] Diff EG 0.525 [0.314]
Prec G -3.030 . [1.761] Diff G 0.985 [0.664]
MinT H -1.737 ** [0.566] MinT H -1.069 . [ 0.557]
SOI -2.239 . [1.174] SOI -1.926 . [1.129]
Trend 1.219 *** [0.241] Trend 1.025 *** [ 0.223]

Adjusted R2 0.408 Adjusted R2 0.429
p-value JB test 0.036 p-value JB test 0.001
p-value BP test 0.176 p-value BP test 0.620

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.
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Table A16:
Results of the seasonal regression of the Cabernet Sauvignon w/o

transformation and trend

Model A Estimate Std. Error Model B Estimate Std. Error
(Intercept) 154.541 *** [39.602] (Intercept) 69.678 (44.164)
Prec W -0.761** [0.264] Diff EG 0.865 ** (0.305)
Prec G -1.827 [2.004] Diff G 0.934 (0.713)
MinT H -1.144 [0.766] MinT H -0.524 (0.643)
SOI -1.173 [1.440] SOI -1.118 (1.022)
Adjusted R2 0.092 Adjusted R2 0.229
p-value JB test 0.076 p-value JB test 0.147
p-value BP test 0.382 p-value BP test 0.560

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.

Table A17:
Results of the seasonal regression of the Chardonnay w/o transformation

Model A Estimate Std. Error Model B Estimate Std. Error
(Intercept) -37.433 * [18.060] (Intercept) -41.056 [29.236]
MinT EG 0.501 [0.348] AT G 0.788 . [0.434]
Diff H 0.468 . [0.266] Diff G -0.583 [0.361]
SOI -1.437 [0.998] Diff H 0.354 [0.310]
Trend 1.039 *** [0.158] SOI -1.315 [0.786]

Trend 0.955 *** [0.150]

Adjusted R-squared 0.496 Adjusted R-squared 0.482
p-value JB test <2.2e-16 p-value JB test <2.2e-16
p-value BP test 0.497 p-value BP test 0.750

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1%, 1%, 5% and 10% level.

Table A18:
Results of the seasonal regression of the Chardonnay w/o transformation

and trend

Model A Estimate Std. Error Model B Estimate Std. Error
(Intercept) 34.099 [23.760] (Intercept) -16.354 [29.715]
MinT EG 0.704 [0.530] AT G 1.884 *** [0.523]
Diff H 0.919 * [0.407] Diff G -1.346 * [0.496]
SOI -0.439 [1.275] Diff H 0.705 . [0.399]

SOI -0.102 [0.970]
Adjusted R-squared 0.056 Adjusted R-squared 0.161
p-value JB test 1.437e-05 p-value JB test 4.78e-06
p-value BP test 0.603 p-value BP test 0.654

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1%, 1%, 5% and 10% level.
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Table A19:
Results of the seasonal regression of the Zinfandel w/o transformation

Model A Estimate Std. Error Model B Estimate Std. Error
(Intercept) -1015.708 * (485.089) (Intercept) -2.205 (0.551)
Diff W 0.904 ** (0.296) Diff W 1.046 ** (0.307)
Prec G -3.129 . ( 1.815) SOI -2.656 ** (0.960)
AT EG 36.762 * (17.636) Trend 0.806 (0.481)
AT 2

EG -0.340 * (0.165)
SOI -2.940 ** (0.947)
Trend 1.090 * (0.492)

Adjused R2 0.387 Adjusted R2 0.308
p-value JB test 0.289 p-value JB test 0.103
p-value BP test 0.251 p-value BP test 0.207

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1%, 1%, 5% and 10% level.

Table A20:
Results of the seasonal regression of the Zinfandel w/o transformation and

trend

Model A Estimate Std. Error Model B Estimate Std. Error
(Intercept) -588.933 (469.344) (Intercept) 65.136 *** (5.564)
Diff W 1.074 ** (0.302) Diff W 1.180 *** (0.304)
Prec G -2.206 (1.862) SOI -2.382 * (0.968)
AT EG 24.028 (17.578)
AT 2

EG -0.219 ( 0.164)
SOI -2.393 * (0.964)

Adjused R2 0.318 Adjusted R2 0.276
p-value JB test 0.634 p-value JB test 0.399
p-value BP test 0.283 p-value BP test 0.392

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1%, 1%, 5% and 10% level.
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Table A21:
Results of the seasonal regression of the Pinot Noir w/o transformation

Variables Estimate Std. Error
(Intercept) -21.741 (14.950)
Diff G 0.605 * (0.281)
SOI -1.085 * (0.481)
Trend 1.065 *** (0.146)

Ajd. R2 0.576
p-value JB test 0.569
p-value BP test 0.160

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.

Table A22:
Results of the seasonal regression of the Pinot Noir w/o transformation and

trend

Variables Estimate Std. Error
(Intercept) 72.809 *** (11.512)
Diff G 0.571 (0.433)
SOI -0.261 (0.702)

Ajd. R2 -0.0065
p-value JB test 0.748
p-value BP test 0.467

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.

Table A23:
Results of the regression of the four varieties with only their trend w/o

transformation

Model: only trend Cabernet Sauvignon Chardonnay Zinfandel Pinot Noir
(Intercept) -1.012e-12 -2.308e-13 1.349e-12 2.841e-13

[28.176] [14.478] [43.920] [14.039]

Trend 1.000 ** 1.000 *** 1.000 . 1.000 ***
[0.311] [0.159] [0.511] [0.161]

Ajd. R2 0.214 0.422 0.062 0.517
p-value JB test 8.862e-05 2.686e-10 0.041 0.089
p-value BP test 0.891 0.175 0.099 0.133

Note: t-statistics are computed in parentheses, heteroscedasticity-consistent t-statistics are computed in
brackets. ***, **, * and . indicate significance at the 0.1% , 1% , 5% and 10% level.
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