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ABSTRACT OF THE DISSERTATION 

 
 

Essays on the Contribution of University of California Cooperative Extension: 

Knowledge, Agricultural Productivity and Irrigation Water Use Efficiency 

 

by 
 

 

Diti Chatterjee 

 

Doctor of Philosophy, Graduate Program in Environmental Sciences 

University of California, Riverside, March 2017 

Dr. Ariel Dinar, Co-Chairperson 

Dr. Gloria González-Rivera, Co-Chairperson 

 

 

University of California Cooperative Extension (UCCE) has been an integral part of 

California’s agriculture, with over a hundred years of research and outreach programs 

focused towards enhancement of agricultural productivity and water use efficiency. There 

has been a growing debate among policy makers and bureaucrats around provision of 

funding in cooperative extension and other federally funded research in agriculture, and 

possible privatization of the same. With this in mind this dissertation analyzes the impact 

of UCCE in three areas – creation and dissemination of research-based knowledge aimed 

at improving agricultural productivity, value of county level agricultural sales, and 

irrigation water use efficiency. The first analysis involves empirical estimation of the 

relationship between UCCE’s investments in researchers, and non-research provisions 

including infrastructure, and output, which is knowledge. For capturing knowledge 

production, a knowledge index is created to incorporate knowledge produced and 

disseminated by UCCE via an array of different outreach methods. The second analysis 

involves the estimation of the impact of the knowledge stock created by UCCE through 

current and lagged expenditures in research and outreach programs at the county level. The 
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analysis makes the hypothesis that current value of agricultural production is impacted by 

a knowledge stock which is composed by current and older expenditures made by UCCE 

on research and outreach programs. The knowledge stock enters the estimation function as 

a sum of current and depreciated value of older expenditures. Estimation results indicate 

that knowledge stock comprised of current and 5 lagged expenditure variables has a 

positive impact on current value of agricultural output, thereby providing evidence of a 

long-term impact of current expenditures on future production at the county level. We 

estimate a net positive benefit accrued to county agricultural production value in the long 

run. The final analysis estimates the impact of UCCE’s irrigation information on farm level 

value of average agricultural output per irrigated acre, as well as water use per irrigated 

acre. The study provides evidence of positive effect of UCCE, on both the outcome 

variables, and a net positive benefit to an average farm. There is an indication of trade-off 

between water use and revenue maximization, where users of UCCE irrigation information 

use more water, but produce higher output. Results provide important policy implications 

in relation to farmer adoption of water-saving technology prescribed by UCCE, irrigation 

efficient production and actual water use.  
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Chapter 1. Introduction  
 

Cooperative Extension was formally established in U.S.A. about a hundred years ago, 

through the Smith-Lever Act of 1914. The Act established the partnership between land-

grant research universities and United States Department of Agriculture (USDA), for 

carrying out agricultural extension work across the nation. According to Congress, the 

stated purpose of agricultural extension was to help the people of U.S. learn and implement 

useful and practical information on subjects related to agriculture and home economics 

(Rasmussen; 1989). According to the Smith-Lever Act, the extension work involved 

development of practical applications of research knowledge, and giving instructions and 

practical demonstrations of existing or improved practices and technologies in agriculture. 

In California the cooperative extension system was built around the state’s land-grant 

college, University of California. The first campus was set up in 1907 in Berkeley, followed 

by Davis and the citrus experiment station in Riverside, which later developed into the UC 

Riverside campus (Hayden-Smith and Surls; 2014).  At present, there are about 200 locally 

based UCCE extension advisors and specialists, and 130 UC campus-based specialists, 

who are involved in research and outreach work. There are 9 research and extension centers 

in California where both basic and applied research is carried out, keeping in mind 

California’s needs including agricultural productivity and natural resource use. UCCE is 

involved in 6 different federal programs1: Agriculture, 4-H Youth Development, Natural 

Resources, Leadership Development, Family and Consumer Sciences, and Community and 

                                                 
1 http://www.csrees.usda.gov/qlinks/extension.html#today 

http://www.csrees.usda.gov/qlinks/extension.html#today
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Economic Development. For this study, we focus on measuring UCCE’s impact on 

agricultural productivity and irrigation water use efficiency.  

At the time of the formalization of cooperative extension by the Smith-Lever Act, it was 

decided that the funding would come from the Congress to the United States Department 

of Agriculture which would then be distributed amongst the land-grant universities, 

matching the amount to the state and county level expenditures.2 The formula designed for 

allocation of funding for Cooperative Extensions mandated that the federal and state 

contribution would each amount to 40%, and county contribution amounting to 20% of the 

total (Rogers, 1988). However, over time the share has changed, and state funds have 

constituted a higher percentage of the entire amount allocated to cooperative extension. We 

observe that over the period of 1992 to 2012, the total real expenditures on UCCE has not 

consistently risen, and since 2007 they have declined. This can have potential negative 

impact on agricultural productivity in the long run. This is because technological 

improvement achieved through research and dissemination of knowledge has been the most 

important factor behind productivity enhancement in the U.S. in the twentieth century, as 

mentioned by Alston et al. (2009). Therefore, the estimation of the economic impact that 

UCCE has on agricultural productivity in the long run, to determine the long-term effect 

of reduction in the allocation of funds, becomes an important endeavor. This motivates the 

following three essays, where we estimate the economic impact of UCCE.  

                                                 
2 http://extension100years.net/en/administration/about_us/chancellors_office/extension/about-smith-lever/ 

http://extension100years.net/en/administration/about_us/chancellors_office/extension/about-smith-lever/
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The second chapter involves the estimation of the relationship between the inputs that 

UCCE invests in R&D and outreach, and the output, that is research-based knowledge. The 

third chapter estimates the long-term impact of the knowledge stock produced through 

repeated expenditures made by UCCE on agricultural production. The fourth chapter 

involves the estimation of the impact of UCCE’s irrigation information on resource use, 

namely irrigation water. Irrigation water use efficiency is a very important issue for 

California, and also an important aspect of research and dissemination of knowledge by 

UCCE. Therefore this study helps policy discussions, through an analytical understanding 

of how UCCE’s irrigation information affects irrigation water use efficiency, keeping 

enhancement of agricultural productivity in mind. 

UCCE produces knowledge through the efforts of the researchers and staff employed at the 

county offices, as well as specialists and other researchers in the UC campuses. In the 

second chapter we establish the relationship between the inputs employed by UCCE at the 

county level, on county level production of research-based knowledge. We establish the 

knowledge creation process as a production function relationship between research and 

non-research expenses and full-time advisor employments, and output, which is 

knowledge. Since UCCE freely disseminates the knowledge produced through various 

outreach programs, we capture knowledge produced, using counts of various types of 

dissemination processes. Aggregating all counts of knowledge produced by UCCE for the 

period of 2007-2013, a knowledge index is created, which is used in our empirical analysis 

as the outcome of interest. Some knowledge may be more effective than other forms of 

knowledge; this phenomenon is accounted for by obtaining specific weights for each 
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component of the knowledge index. The weights are obtained by surveys handed out to 

UCCE county directors. Through this exercise, we establish a direct relationship between, 

and the extent of the impact of the inputs invested by UCCE, and the outcome which is 

research based knowledge. This study contributes to the literature of knowledge 

production, which has typically concentrated on a single type of knowledge output, such 

as patents in the case of private firms, and publications in the case of publicly funded 

research.  

The third chapter analyzes the impact that the knowledge created by UCCE has on 

agricultural productivity represented by value of agricultural sales per acre of farmland. 

The period of study for this chapter is 1992-2012. The central hypothesis in this analysis 

is that a knowledge stock is created by UCCE through continued expenditures on research 

and outreach. It is this knowledge stock that impacts current productivity. The above-

mentioned knowledge stock is proxied by a sum of current and discounted value of old 

expenditures, with old expenditures having a depreciated effect on current productivity. 

Depreciation of old expenditures is analogous to depreciation of old knowledge; old 

technology over time becomes less effective in terms of its impact on current production 

value. Therefore, we establish a relationship between current agricultural production value 

and current as well as past expenditures on R&D and outreach. Different depreciation rates 

of knowledge incorporated in the calculation of the knowledge stock allows us to study its 

level of impact, in cases where change in technology is less frequent, as well as those where 

it is very rapid. The empirical analysis provides us with the monetary value that UCCE’s 

knowledge stock adds to current production value, along with those by other important 
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agricultural inputs used. This analysis contributes to the literature through its county level 

analysis, which has been mostly ignored in most studies which aggregate the impact 

evaluation to the state or the country level. This study provides a more focused 

understanding of the impact of UCCE which works at the county level, and can improve 

policy decisions.  

Irrigation water use and efficiency are important issues in the south-western states of the 

U.S., including California, where nearly 80 percent of the water usage is by the agricultural 

sector (Olen et al. 2015). Irrigation water use efficiency, and propagation of water-efficient 

irrigation technology has been one of the biggest contributions of UCCE, in its 100 years 

of research and outreach efforts. In the fourth chapter we estimate the impact of UCCE’s 

irrigation information on farmers’ average agricultural output per irrigated acre, as well as 

water use per irrigated acre. The study uses the Farm and Ranch Irrigation Survey (FRIS) 

data for the years 2003 and 2008, for a subset of farmers in California. The study provides 

an understanding regarding the identification of the potential users of UCCE’s information, 

and how this information is impacting the outcome variables that makes irrigation water 

use efficient. The study analyzes if farmer age has any relation with the adoption of 

technology prescribed by UCCE, which is aimed at reducing water usage, while enhancing 

productivity. The study also includes the analysis of the impact of a group of irrigation 

information providers on irrigation water use, to compare the impact of multiple sources 

versus just UCCE information. This study provides an important starting point for policy 

makers in the state who are involved in decisions regarding sustainable irrigation water 

use, and implementation of technology to achieve the same. This study can also be 
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extended and compared to the period since the California drought to understand if shocks 

affect farmer water use decisions. 

Data for the study has been obtained from multiple sources; for the second chapter, data 

was received from UCCE headquarters in Oakland. Data limitation led us to include seven 

years for the study. While UCCE expenditures data was available for 20 years, data on 

salaries and knowledge variables was available consistently for about 7 years. Therefore, 

a simplified empirical model is chosen keeping in mind the data constraint. It is probable 

that the relationship between inputs and knowledge output in the knowledge production 

function may not be linear; but for this analysis we use a linear model for our econometric 

analysis. A similar obstacle of data unavailability was faced for the third chapter as well. 

Data on UCCE expenditure values for twenty years from UCCE were available, and for 

the value of agricultural output at the county level we had to rely on the agricultural census 

by USDA, which is not available annually, but at five year intervals. Therefore, the 

knowledge stock constructed using current and lagged values of UCCE expenditures go 

back up to 5 years. With availability of more data this study can be updated, and extended 

for longer lags, which can establish the relationship between expenditures beyond five 

years and current value of production. It was planned to calculate the knowledge stock in 

the second chapter and then include that variable as the knowledge stock input in the third 

chapter. But due to unavailability of data, it was decided to have them as separate analyses. 

The second chapter estimates the relationship between inputs and output which is 

knowledge, and the impact of each. This chapter establishes the relationship between the 

expenditures made by UCCE and the knowledge produced as an outcome. Using this idea, 
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in the third chapter we proxy UCCE knowledge stock by the stock of expenditures and 

estimate its impact on value of agricultural sales per acre of farmland, an indicator of 

agricultural productivity. 

This study is a starting point in answering a question which has been an important topic 

for policy makers in the country; whether public funding in research and extension 

regarding agricultural productivity enhancement needs to be reduced or privatized. This 

also affects UCCE, which is publicly funded. The results presented in this work emphasize 

the importance of UCCE’s work in the state at the county level, and can provide a direction 

for future work on this topic, which can guide better policy decisions. 
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Chapter 2. A Knowledge Production Function in Agriculture: The impact 
of the University of California Cooperative Extension 
 

 

 

 

Abstract 

 

We estimate the impact of various research inputs on the production of research-based 

knowledge by the University of California Cooperative Extension (UCCE). We formulate 

a conceptual framework to understand the relationship between the research inputs 

employed by UCCE, and the produced knowledge. We developed an index of knowledge 

based on a weighted average of the various modes through which knowledge is produced 

by UCCE's research, for all counties under its jurisdiction, in the state during 2007-2013. 

Empirical results indicate significant positive impacts of research inputs such as number of 

research positions (measured as full time employee - FTE), level of salary per researcher 

(which indicates seniority and status), and investment in research infrastructure per 

research position, on the production of knowledge. Our models suggest diminishing 

marginal returns to research infrastructure, and a linear relationship for number of FTE and 

salary per FTE with knowledge production. 
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2.1. Introduction 
 

 

“Technological innovation has become a crucial factor for competitiveness.”3  The 

measurement of the capacity to invent and innovate has become extremely important, 

especially in the agricultural sector due to scarcity of natural resources such as land and 

water on one hand, and demand for food driven by population growth on the other. 

According to Food and Agricultural Organization (FAO) estimates4, global population is 

expected to grow by over a third, or 2.3 billion people between 2009 and 2050. Agricultural 

productivity would have to increase by about 70 percent to feed the global population of 

9.1 billion people over this period. Arable land would need to increase by 70 million ha, 

with considerable pressure on renewable water resources for irrigation, globally. Efficiency 

in agricultural practices and resource usage are the suggested prescriptions to ensure 

sustainable agricultural production. Sands et al. (2014) also predict net positive 

improvements in global agricultural production in the year 2050, in a simulated scenario 

of rising population and low agricultural productivity growth. While such studies are 

reassuring, it becomes imperative to ensure continuous research and development in 

agriculture; to not only have a comprehensive understanding of how to sustain current rate 

of productivity growth but also increase it to counter both population growth and natural 

resource scarcity in the future. Hence, the quantification of the process of creation of 

agricultural knowledge in the research process is the focus of this paper.  

                                                 
3Buesa, Heijs, and Baumert (2010) 

4 http://www.fao.org/fileadmin/templates/wsfs/docs/Issues_papers/HLEF2050_Global_Agriculture.pdf 
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We focus on the production of research-based agricultural knowledge by the University of 

California Cooperative Extension (UCCE). This publicly funded research and extension 

system has offices in all counties within the state of California. We analyze the nature of 

the input-output relationship between the research factors invested by UCCE in R&D and 

outreach, and the knowledge produced and disseminated by UCCE.   

The University of California Cooperative Extension (UCCE) was set up a century ago with 

the purpose of educating the citizens about agriculture, home economics, mechanical arts 

and other practical professions5. Through the course of almost a century since the Smith-

Lever Act of 1914, the UC Cooperative Extension has grown into an elaborated system 

which has branched out from handling mainly farm related issues to many other aspects 

concerning the farm as well as the overall society. Extension advisors communicate 

practical research based knowledge to agricultural producers, small business owners, 

youth, consumers, who then adopt and adapt it to improve productivity, and income. Today 

the Extension works in six major areas6, viz., Agriculture, 4-H Youth Development, Natural 

Resources, Leadership Development, Family and Consumer Sciences, and Community and 

Economic Development. 

Literature suggests that agriculture-related R&D inputs result in the production of 

knowledge, which upon application leads to improvement in productivity in the 

agricultural sector. Alston et al. (1998; 2008), Birkhaeuser et al. (1991), and Evenson 

                                                 
5http://www.csrees.usda.gov/qlinks/extension.html 
6http://www.csrees.usda.gov/qlinks/extension.html#today 

http://www.csrees.usda.gov/qlinks/extension.html
http://www.csrees.usda.gov/qlinks/extension.html#today
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(2001) estimate the impact of R&D and extension related expenditures on agricultural 

productivity. The underlying theory is that expenditures made towards R&D and outreach 

impact productivity, and that impact of research expenditures is differential; old 

expenditures have a lower impact on current productivity. Evenson (2001) and Birkhaeuser 

et al. (1991) report positive impacts of both R&D as well as cooperative extensions on 

productivity, for studies from around the world. While these studies provide strong 

evidence of a long-term impact of R&D related expenditure, and in other cases farmer-

extension agent contacts on productivity, there is a gap in our understanding of how well 

these proxies for agricultural knowledge represent actual knowledge produced. This is 

understandable, since measurement of knowledge produced from investments in R&D is 

conceptually and computationally complicated.  

Griliches (1998) discusses the issues in the measurement of knowledge production, 

between public and private sector investments in R&D. He claims that patents are a good 

approximation of knowledge and innovation, especially because of the commercial value 

attached to it. An industry or a firm likes to file for patents to have sole right on its 

invention, and get paid for its use by others. Pavitt (1985) mentions that patents are good 

proxy measures of innovative activities. Other studies (Fritsch; 2002, Abdih and Joutz; 

2005, Czarnitzki, Kraft, and Thorwarth; 2008, Ponds, Oort, and Frenken; 2009, and Buesa, 

Heijs, and Baumert; 2010) have used patents as proxies for knowledge production. Data 

on patents are well documented in the U.S. as well as the rest of the world, and are easily 

obtainable without the hassle of conversion of units. In the industrial sector, knowledge 

produced through research is mostly owned as private property by the innovating firm 
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because of the related commercial incentive of private property ownership. This makes 

patents the most appropriate proxy variable for knowledge production function analysis, in 

the case of private sector research.  

However, publicly funded research and especially agricultural research, creates knowledge 

most of which is publicly available. Pardey (1987) and Dinar (1991) use publications as 

the dependent variable in the analysis of impact on knowledge production. Publications are 

more prevalent in case of public research agencies, where research results are typically 

published in journals. Dinar (1991) uses peer-reviewed journal publications in different 

fields as the dependent variable for his study on the agricultural research system in Israel. 

In case of public agricultural research systems in the U.S. as for Pardey (1987), publications 

have been chosen over a number of other variables including patented and non-patented 

output like mechanical innovations processes or new biological material, books, station 

(State Agricultural Experiment Station, or SAES) bulletins, newsletters, etc. Publications 

are considered to capture the knowledge output of a station completely because it 

establishes intellectual property rights of the researchers over their work, which in turn 

affect their salary scale, promotion rate, and tenure status. Link (1982) analyzes the 

determinants of inter-farm differences on the composition of R&D spending, namely basic 

and applied R&D. He regresses these R&D components on profits, diversification, 

ownership structure and subsidies. Jaffe (1989) finds significant positive impact of 

university research on corporate patents for a number of technical areas like drugs and 

medical technology, and electronics, optics and nuclear technology at the state level in the 

U.S. The literature on the topic leads us to two main observations:  i) there is a dearth of 
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papers that  deals with the analysis of the knowledge production function or the study of 

impact of production inputs on knowledge produced; and ii) the choice of variables 

representing knowledge produced through investments in R&D paint a partial picture of 

the true process. There is little attempt to compute a comprehensive knowledge production 

variable which captures knowledge produced through all avenues.  

UCCE follows an input-output framework for research, which involves utilization of 

research inputs, such as manpower and infrastructure, for the production of knowledge to 

be disseminated to potential clientele from a variety of different sectors. This knowledge 

is produced through basic and applied research, and extension work, which are targeted to 

address needs at county level clientele groups. Agricultural knowledge that is generated by 

UCCE is public in nature, and is freely available to all. Because of this, it seems appropriate 

to use various types of peer-reviewed publications by advisors as the representative 

variable for knowledge. But publications are only a part of the total knowledge produced; 

there are other modes by which knowledge is produced and disseminated by UCCE. These 

need to be incorporated into the analysis to capture a more complete representation of the 

generated knowledge. To achieve this, we collected data on eleven different modes by 

which UCCE produces knowledge, all of which are aggregated to the county level, to create 

a knowledge index that captures all UCCE knowledge produced.  

This paper contributes to the literature in a couple of ways which sets it apart from similar 

endeavors. It estimates the impact of research inputs on the production of knowledge solely 

by UCCE, which is the biggest statewide public agricultural research and extension system, 
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and second, it develops and uses a weighted average value of knowledge including a 

number of different components of knowledge produced.  

The remainder of the paper is organized as follows. Section 2 develops the econometric 

methodology. Section 3 describes the data and variable creation. Section 4 reports the 

empirical results. Conclusion and policy implications are discussed in section 5. 

2.2. Analytical Framework  
 

The basic structure of the knowledge production function is similar to a standard 

production function where the output is knowledge produced in county i at time t; and is a 

function of three identified input variables, viz., full time equivalent (FTE) positions, 

expenditures on salaries per unit FTE, and expenditures on infrastructure per unit FTE 

invested. Therefore, our model in general form is: 

𝐾𝑖𝑡 = 𝑓(𝐹𝑇𝐸𝑖𝑡, 𝑆𝑖𝑡, 𝐼𝑖𝑡)                      (1) 

where i = 1, 2...47 county offices, t = 2007, 2008...,2013. K is knowledge produced from 

expenditures made by UCCE. FTE is the Full Time Equivalent Employment advisor 

positions. S is expenditures on salaries, per unit FTE. I is ‘non-salary related’ expenditures 

on infrastructure, including benefits, travel expenses, and county extension programs.  

The following corresponding econometric model that we estimate includes natural logs of 

both the independent and dependent variables: 

𝑙𝑛𝐾𝑖𝑡 = 𝛼 + 𝛽𝑙𝑛𝐹𝑇𝐸𝑖𝑡 + 𝛾𝑙𝑛𝑆𝑖𝑡 + 𝛿𝑙𝑛𝐼𝑖𝑡 + 𝜃(𝑙𝑛𝐼𝑖𝑡)2 + 𝜌𝐷𝑖 + 𝜑𝑇𝑡 + 휀𝑖𝑡                                   (2) 
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where εit is the error term, i is an index for all county offices and time 2007-2013. Kit, FTEit, 

Sit, Iit, are defined the same way as for equation (1); Di is the control variable for county 

fixed effects, and Tt is the control variable for year fixed effects.  

Dichotomous variables representing county fixed effects are introduced in the model to 

control for factors which are common to a county, and possibly impact productivity. Year 

fixed effects can control for random shocks, e.g., budget surplus leading to a recruitment 

of more skilled advisors in a particular year, which may have led to larger number of total 

knowledge produced across all counties in a single year.  

The model includes a non-linear term for investments in infrastructure. This is to capture 

possible diminishing marginal returns to infrastructure. Expenditure on infrastructure can 

be beneficial to knowledge production, but after a certain degree of provision the marginal 

effect diminishes. It makes little sense to keep building laboratories and offices if there are 

no researchers, or staff to fill them. To test this hypothesis, the square term for log of 

infrastructures was included. The choice of the log-log model for the empirical analysis is 

to facilitate the computation of output elasticity for each of the inputs of production. In 

case of linear relationships between inputs and output, the elasticity can be obtained from 

the value of the regression coefficient. For non-linear relationships, the computation is 

slightly less straightforward.  

We calculate output elasticities for each of our inputs from our empirical model in equation 

(2). The elasticities of knowledge production are: 
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𝑑𝐾/𝑑𝐹𝑇𝐸

𝐾/𝐹𝑇𝐸
= 𝛽                                                                                         (3) 

𝑑𝐾/𝑑𝑆

𝐾/𝑆
= 𝛾                                                                                                (4) 

𝑑𝐾/𝑑𝐼

𝐾/𝐼
= 𝛿 + 2𝜃(𝑙𝑛𝐼)                                                                             (5) 

Equation (5) is dependent on the level of investments in infrastructures. For the output 

elasticity calculations, we use regression coefficients reported in Section 3. 

We also estimate equation (2) including a linear time trend instead of year fixed effects. 

This is to de-trend both the dependent variable as well as the independent variables (Enders 

2010; Wooldridge 2013), and to capture un-modeled effects including UCCE R&D and 

outreach efforts, which may impact the knowledge variable. Failure to deal with  two 

uncorrelated time-series variables trending over time in the same direction can lead to 

spurious results. The following section describes the data used for the study, followed by 

the regression results.  

2.3. Data  
 

University of California Agricultural and Natural Resource Division (UCANR) 

headquarters in Oakland, California, is the source of data for the analysis in this paper. We 

collect annual budget data from their database, for all UCCE county offices for the period 

of 2007 to 2013.7 Our data set includes complete data for 7 years for 47 county offices, 

which serve the 58 counties in California. Some county offices serve more than one county, 

                                                 
7 Data on UCCE budgets was obtained from 1992 -2013, but data on all other variables was available only for 2007-

2013. 
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viz., Central Sierra, which serves the counties of Amador, Calaveras, El Dorado and 

Tuolumne. There are 6 other groups of two counties each, which are served by a single 

county office, viz., Inyo and Mono, San Francisco and San Mateo, Plumas and Sierra, 

Placer and Nevada, Shasta and Trinity, and finally Sutter and Yuba.  

Upon comparing older UCCE budget data with real expenditures, we find that they follow 

similar time trends for each county office and could be used as proxies for expenditures. 

This data was converted into constant 2013 US dollars, using GDP Deflator data from the 

World Bank database and is presented as such from hereafter.8 Henceforth, we will refer 

to the UCCE budget as expenditures, to avoid ambiguity.  The expenditures made by 

UCCE are shown in panel (d) of Figure 2.1. There is evidence of impact of the 2009-2010 

recession on investments in 2010, which goes down from over $90 million to less than $85 

million. From 2010 onwards, we observe a steady decline in annual UCCE expenditures, 

to about $76 million in 2013. In 2007, the county offices that record some of the highest 

amounts of overall expenditures include Fresno, Tulare, San Diego, Humboldt-Del Norte, 

San Joaquin, Ventura and Kern, in  declining order. In 2013 we notice that leading counties 

in terms of overall expenditures are San Diego, Tulare, Kern, Plumas-Sierra, and San 

Francisco and San Mateo.  

Data on salaries of advisors employed in each county office is collected from UCCE 

database as well. Expenditure on infrastructure is the amount remaining from the budget, 

after subtracting total expenditures on salaries for the counties. These expenditures capture 

                                                 
8http://data.worldbank.org/ 

http://data.worldbank.org/
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non-salary related expenditures, including benefits and travel provisions for county 

advisors, along with various expenditures on research and outreach programs taken up by 

the county offices. Full time equivalent (FTE) employment data is obtained for advisors 

employed by each county office. We observe an overall fall in both advisor FTE and 

advisor salaries, as represented in panel (a), Figure 2.1. After 2010, both FTE and 

expenditures on salaries show consistent decline. We observe (panel (c), Figure 2.1) an 

overall declining trend in expenditures on infrastructure, with a fall of about $5 million 

between 2009 and 2010. This could be the effect of the 2009-2010 recession, which also 

led to a fall in overall expenditures during that period. Panel (d) reflects the decline in total 

expenditures that include both salaries and non-salary infrastructure related expenditures. 

The outcome variable in our empirical analysis, viz., knowledge, is created using data on 

a number of component variables. UCANR records data on a variety of methods in which 

knowledge produced through investments in research and infrastructure is disseminated. 

We use knowledge produced and knowledge disseminated interchangeably because all 

knowledge produced by UCCE is public good, and is disseminated. Hence, the methods of 

dissemination capture knowledge produced. These methods are categorized into three main 

knowledge groups. The first group includes data on classes, workshops, demonstrations, 

individual consultations, meetings or group discussions, educational presentations at 

meetings, and all other kinds of direct extension activities. The variable is named direct 

contact knowledge, and it includes all counts of knowledge dissemination from direct 

contact with growers. The second group is named indirect contact knowledge, and it 

includes counts of knowledge disseminated through indirect contact with possible clients 
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Figure 2.1. Inputs of knowledge production. Panel (a). Annual UCCE advisor FTE (counts), Panel 

(b). Annual expenditures for UCCE advisor salaries (Constant 2013 Million USD), Panel (c). 

Annual expenditures for UCCE infrastructures and programs (Constant 2013 Million USD), and 

Panel (d). Annual total expenditures of UCCE (Constant 2013 Million USD). 

                                                       Panel (a)                                                                   Panel (b) 

     

                                                     Panel (c)                                                                 Panel (d) 

     

 

via newsletters published and websites managed by UCANR, television, radio programs 

or public service announcements, social marketing methods, other mass media efforts of 

knowledge dissemination, and other indirect extension efforts, including those through 

collaboration with other agencies. The last category is named research publication and 

other creative activity related knowledge. This category includes counts of basic, applied 

or development research projects, program evaluation research projects, needs assessment 

research projects, educational products created via video and other digital media, curricula, 
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and manuals created for education purposes. We also include publications in peer-reviewed 

journals in this category9. The above data on knowledge is recorded as counts. The input 

variables are not available in a way such that we can categorize them into issues related to 

agriculture only. Hence, to avoid overestimation issues, we include knowledge produced 

for all programs undertaken by UCCE for the period of study.  

Using the data on all knowledge categories we generate an index of knowledge as a 

weighted average of all the categories10. We assign weights to each category, based on 

relative importance of each kind of knowledge variable in terms of effectiveness. For this, 

we sent an electronic survey (Appendix Table A.1.) to the county directors of all UCCE 

county offices in California. In the survey, we indicated the three above-mentioned broad 

categories of knowledge production, with a number of subcategories. Respondents 

provided percentage weights for each broad category such that the sum would add up to 

100. Within each broad category respondents indicated percentage weights for each of the 

subcategories such that the sum of these weights also equals 100. We obtained 10 replies 

after two rounds of survey of the county directors, and created weights from the survey 

results. Two rounds of completed surveys indicate that direct contact with farmers is the 

most important (50%), followed by indirect contact (27%), and research and publications 

(23%), in terms of their impact on agricultural productivity. Among the subgroups, applied 

                                                 
9 These include already published articles. 
10 The equation for computing the knowledge index is the following: 

𝐾𝑖𝑡 = (𝛽1(𝜃11𝑘11 + 𝜃12𝑘12 + 𝜃13𝑘13) + 𝛽2(𝜃21𝑘21 + 𝜃22𝑘22 + 𝜃23𝑘23 + 𝜃24𝑘24) + 𝛽3(𝜃31𝑘31 + 𝜃32𝑘32 + 𝜃33𝑘33

+ 𝜃34𝑘34))𝑖𝑡 
In the above equation, i = 1, 2, ….47 counties, and t = 2007, 2008…., 2013, years. 

Beta values stand for the weights for each of the three broad categories; theta values stand for the weights for the 

subcategories. K variables  represent knowledge, with the upper-case ‘k’ representing overall knowledge, and the 

lower-case representing the subcategories. 
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research projects receive the highest weight (49%), followed by individual consultations 

(42%), and group interactions (38%), within their respective groups. 

From the data collected on knowledge production variables we identify 7 different Federal 

Planned Programs (FPP), viz., Climate Change, Healthy Families and Communities, 

Sustainable Food Systems, Water Quality, Quantity, and Security, Sustainable Energy, 

Endemic and Invasive Pests and Diseases, and Sustainable Natural Ecosystems. Climate 

Change was dropped from the official FPP categories from fiscal year 2013. Knowledge 

produced through indirect methods of contact is the most popular means of knowledge 

production, due to the comparatively lower cost of dissemination and wider reach to 

possible clientele, followed by direct contact. Direct contact methods are costlier than the 

former, and has a more limited reach. Research projects and peer-reviewed publications 

and the knowledge produced through them are also available for the public, but perhaps 

cater to a smaller audience compared to the other two methods.   

Over the period of 2007-2013 we observe that all knowledge production declined as 

illustrated by Figure 2.2. Total knowledge produced in each of direct contact, indirect 

contact, and publication and research project methods of production have declined over 

time. Total number of counts of knowledge produced through all direct contact methods 

rises by 43 per cent, from 15,059 in 2007 to 21,479 in 2011, but thereafter it keeps falling 

till it reaches a total count of 8282 in 2013, which is a 61 per cent decrease compared to 

2011. Knowledge produced through different methods of indirect contacts with growers, 

starts from 259,065 in 2007, and peaks at 405,386 in 2009, before falling down to nearly 
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43 thousand cases per year in 2010. In 2013, the recorded number is 100,919, which is 

equivalent to a 61 percent reduction from the original levels in 2007. Research projects and 

peer-reviewed journal publications went down from 3349 in 2007 to 506 in 2013, which is 

a percentage decline of nearly 85 percent of the 2007 value.  

 

Among all the counties, San Diego records the highest average (over time) count of 

knowledge production from direct methods, at 171411 (maximum 2817, minimum 470), 

and Madera the lowest, at 3 (maximum 17, minimum 0). San Joaquin has the highest 

average count of knowledge production from indirect contact method at 49,225 (maximum 

262,205, minimum 0), and Madera the lowest, at 0. San Luis Obispo has the highest value 

of average knowledge production through publications and research projects, at 308 

(maximum 1890, minimum 27), and Mariposa the lowest, at 1 (maximum 4, minimum 0). 

 

Figure 2.2. Methods of knowledge production. Panel (a). Counts of direct methods of knowledge 

production Panel (b): Counts of Indirect methods of knowledge production Panel (c). Counts of 

research and creative activity methods of knowledge production 

                               Panel (a)                                                                Panel (b)                                                Panel (c) 

    

 

 

                                                 
11 All numbers are rounded off for ease of interpretation. 
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We observe (Table A.6.)  that each of the three defined categories of knowledge variables 

have high  variability. It will be interesting to know what causes such a large variation; 

what factors play a role in the decision making process on the number of knowledge 

production activities. For this paper, we observe from the data set that there is an overall 

falling trend in both inputs of knowledge production, viz. county level FTE, expenditures 

on salaries per unit FTE, expenditures on infrastructure per unit FTE, as well as output, 

i.e., weighted knowledge produced from all three identified sources. In the next section, 

we report the results of our econometric estimates of the knowledge production function. 

2.4. Results 
 

Summary statistics of the variables in our analysis are reported in Table 2.1.; we observe 

high levels of dispersion in the distribution of some of the knowledge variables. For 

example, while there is at least one county which has produced 0 newsletters, the maximum 

number of newsletters sent out by a county equals 262,174 (San Joaquin, 2009). San 

Joaquin has the highest mean knowledge index value over 2007-2013 at 3503; nearly 9.8 

times the sample mean of 359. This county has employed a mean FTE of 5.9, which is 59 

percent higher than sample mean of 3.7. Expenditure on salaries per FTE ($124,522) for 

this county is 2.5 percent higher, and infrastructure per FTE ($530,034) is 19 percent higher 

than their respective overall averages. Madera has the lowest average knowledge 

production in our data set, which is nearly 1, and less than overall average by nearly 100 

percent. Its mean FTE value is 1.3, less than the sample mean by 64 percent, mean 

expenditures on salaries per FTE ($195,455) is greater than overall average by 61 percent, 
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and expenditures on infrastructure per FTE ($535,444) greater than overall average by 20 

percent.  

Table 2.1. Summary Statistics12 

Variable                                   Observations                Mean        Std. Dev.    Min              Max  

FTE                                             329                              3.71                   2.49                 .2                       12.1  

Salary/FTE                             329                      121501.9           149510.7              2066.23         2656400 13             

Infrastructure/FTE                              329                       444873.1           254058.2           51563.44          2432511 

Individual Consultation                      329                           105.72               277.10                  0                      2682 

Group Interaction                             329                          127.77                468.31                 0                      5051 

Other Direct                             329                            57.75                187.22                 0                      2374 

Newsletters                             329                        4269.51            20887.01                 0                  262174 

Websites                                             329                              5.69                  10.01                 0                          61  

TV & Radio                             329                            25.39                125.08                 0                      1003 

Other Indirect                             329                          106.13                911.15                 0                    12002 

Publications                             329                            13.43                  17.95                 0                        107 

Basic Research                             329                              0.51                    1.25                 0                          12 

Applied Research                             329                              6.40                    6.61                 0                          45 

Other Research                             329                            10.82                103.52                 0                      1849   

Knowledge Index (count)                   329                          358.63              1464.80                 0                18179.18 

Note: All knowledge production variables, and FTE are computed as counts. Knowledge index can also be interpreted as a county 

variable, being the weighted average of component knowledge production variables. Expenditures in salaries and infrastructure are 

expressed in constant 2013 USD.   

 

From county level descriptive statistics, it is evident that knowledge creation strategies 

vary significantly among counties resulting from size and nature of agricultural activity. 

Between San Joaquin and Madera, the highest and lowest knowledge producing counties 

                                                 
12 Summary statistics indicate 0 values for some of the knowledge production subcategories. When we construct the knowledge index, 

we obtain 0 values for 30 observations. STATA output regards natural log transformations of 0 values as ‘missing values’, and drops 
them from the regression. But the 0 value cases imply no knowledge production, and provide important information as far the analysis 

of impact of inputs on knowledge production is concerned; so we keep them in the sample, by recoding them as 0 values. 
13 According to our data set the real expenditures on total salaries in San Francisco-San Mateo counties for the year 2013 is $531,280. 
The advisor FTE for this year is 20 percent. The normalization of the salary expenditure by the FTE leads us to this number.   
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(in absolute terms), there is a 100 percent decrease in knowledge produced. Mean advisor 

FTE in San Joaquin is 353 percent higher than that in Madera; with 36 percent lower 

expenditures on salaries per unit FTE, and a 1 percent lower expenditure on infrastructure 

per FTE, compared to Madera county.  

We observe high levels of knowledge production in some counties that are important 

agricultural producers, like San Joaquin, which is one of the leading producers of fruits and 

nuts, and dairy. Merced has the second highest rate of knowledge production that equals 

2308, followed by Kings county (2042) which is also among the top ten agricultural 

counties for cattle and dairy, vegetables and cotton. Other top agriculturally productive 

counties like Fresno, Kern, Tulare have higher (9, 8.9, and 9.1 respectively) number of 

FTE advisors compared to our overall mean, but are not among the highest average 

knowledge producers.  

Our knowledge index, the weighted average of counts of the component variables, has been 

declining for the period of our study, as seen in Figure 2.3.  The average value of log 

(knowledge index) has gone down from about 3.9 to about 2.75 over the period of 2007 - 

2013, which is equivalent to a 30 percent decline for the same time period. With these 

observations, it is important to know how our inputs impact average knowledge produced, 

and how these declining trends in inputs may impact knowledge production. 

Table 2.2. reports the regression results of equation (2) including two different cases as 

reported in the three columns of Table 2.2. 
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Column (1) reports the results for the case where we include county and year level dummy 

variables to control for any factors that remain fixed across counties or years, which may 

impact the dependent variable. For the second version of the model, we have included a 

time trend instead of time fixed effects, and the results are reported in column (2). 

We obtain statistically significant relationships for all the input variables for both versions 

of our model, reported in columns (1), and (2). A percentage rise in FTE impacts 

knowledge production positively by nearly 1.1 percent. A 1 percent rise in expenditures on 

salaries per unit FTE increases knowledge production by 0.86 percent. The coefficient 

estimate for expenditures on infrastructures per unit FTE is positive and the coefficient 

estimate of the quadratic term is negative, supporting the theory of diminishing marginal 

returns to expenditures in infrastructure per FTE employee. 

In column (2), we control for county level fixed effects by introducing county dummy 

variables. Here, we de-trend the dependent variable as well as the independent variables 

by including a time trend variable in the model. We report robust standard errors in the 

parentheses. Coefficient estimates for both the models are comparable to each other. 

Elasticity of production of knowledge with respect to FTE varies from 1.066 to 1.104, 

across the two models we estimate. A 1 per cent increase in FTE leads to a 1.1 percent 

increase in average knowledge produced. Similarly, a 1 per cent increase in expenditures 

on salaries per unit FTE would bring about a 0.87 percent increment in average knowledge 

produced by UCCE. 
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The elasticity for expenditures on infrastructures per FTE for both models are calculated 

at the average value of the variable (444873.1), using equation (5), as reported in Table 

2.3.  This value is negative, both in Column (1), and Column (2). Due to diminishing 

marginal returns, relationship between this input and knowledge produced is concave, and 

the elasticity therefore depends upon the value of expenditures at which it is calculated. 

We compute the value of expenditures on infrastructure per unit FTE that corresponds to 

the turning point of the production function from a positive to negatively slope; that value 

equals $312,320.14 Expenditures on infrastructure per FTE less than this amount will yield 

a positive output elasticity; higher values will yield negative elasticity, as is the case when 

we use the mean value.  

 

 

                                                 
14 The turning point of the production function is a point beyond which the slope changes from positive to negative; at this point the 

elasticity equals 0. This is obtained by solving the equation: 

 
𝜕𝐾

𝐾⁄

𝜕𝐼
𝐼⁄

= 𝛿 + 2𝜃(𝑙𝑛𝐼) = 0. Plugging in the values of the coefficient estimates into the equation, we obtain = 𝑒14.17 1.12⁄  , which  gives 

us the value of expenditures on infrastructure per FTE at the turning point. 

Figure 2.3. Annual mean ln (Knowledge Index) 



28 

 

Table 2.2. Regression results with log weighted average of knowledge (knowledge index) as 

dependent variable. 15 

 

Model (1) (2) 

Dependent VARIABLE ln (Average Knowledge) ln (Average Knowledge) 

   

ln(FTE) 1.10** 1.07** 

 (0.51) (0.51) 

ln(Salary/FTE)  0.86*** 0.87*** 

 (0.23) (0.23) 

ln(Infrastructure/FTE) 14.17** 14.25** 

 (6.86) (6.71) 

ln(Infrastructure/FTE) squared -0.56** -0.56** 

 (0.27) (0.27) 

Constant -94.58** 237.6** 

 (43.99) (98.97) 

   

Observations 329 329 

R-squared 0.664 0.662 

AIC 1259.61 1250.83 

County FE YES YES 

Year FE YES NO 

Time Trend NO YES 

F-stat 27.67*** 30.97*** 

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

 

 

From Table 2.2., we compute the elasticities of production. These are reported in Table 

2.3. We observe that FTE is the most important input in the knowledge production process, 

with an elasticity greater than 1. The advisor FTE employed by the county offices are 

engaged in various kinds of research and outreach operations, and are the most important 

factor in the process of knowledge production.  

 

 

                                                 
15 We estimate equation (2) using the same inputs of production but each of the 3 broad knowledge categories and then each sub 

category as the dependent variable. Results are shown in the Appendix. 
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Table 2.3. Elasticities of production of weighted average knowledge. 

 

Output Elasticity (1) (2) 

𝑑𝐾/𝑑𝐹𝑇𝐸

𝐾/𝐹𝑇𝐸
= β 1.10 1.07 

𝑑𝐾/𝑑𝑆

𝐾/𝑆
 = γ 0.86 0.87 

𝑑𝐾/𝑑𝐼

𝐾/𝐼
 = δ + 2θ(lnI) -0.39 -0.31 

 

Dinar (1991) finds similar evidence of significant positive marginal product of senior 

researchers on production of knowledge for the public agricultural research system in 

Israel. Expenditures on salaries act as incentive system to make the current advisor FTE 

more productive, which enhances productivity, as is indicated by our results. Expenditures 

on infrastructure have positive impact on knowledge production before the threshold level 

is reached, beyond which the impact becomes negative.  

2.5. Conclusion  
 

We have estimated the contemporaneous impact of UC Cooperative Extension on the 

production of knowledge, through research and extension work that is conducted over 

various California counties. Available data on R&D expenditures and knowledge products 

is used to construct a unique data set for 7 years spanning from 2007-2013, containing 

information on advisor FTE, expenditures on advisor salaries, and infrastructure. We have 

obtained data on a number of knowledge production methods; they are categorized into 11 

subcategories, and 3 broad categories. We compute a weighted average knowledge variable 

with the weights provided by UCCE county directors via an electronic survey. A limitation 

of the study is that we are able to capture only the contemporaneous impact of research 
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inputs on the production of knowledge, due to data constraints. With availability of data, 

analysis of long run impact will enable policy makers to make  informed decisions on 

investments in research inputs; this will enable sustained knowledge production and 

dissemination. 

Coefficients indicate that all three inputs impact knowledge production positively. 

Expenditures on infrastructure per unit FTE as a research input has diminishing marginal 

returns to knowledge production. Marginal product of advisor FTE calculated at the mean 

value of the input and knowledge index equals 106.3316; this implies that one unit increase 

in county FTE leads to nearly 106 additional counts of knowledge production. Marginal 

products of expenditures on salaries per FTE and infrastructure per FTE are 0.00317 and -

0.000318, respectively. Marginal products values calculated at the mean emphasize the 

importance of advisor FTE as a research input. They also bring forward the issue of 

diminishing returns on investments in incentives and infrastructures.  

There are some potential issues with the variable specifications, which deserve mention. 

The variable FTE includes UCCE county advisors. Incorporation of detailed data on 

knowledge produced and disseminated by UCCE specialists at the county level would 

provide a more complete picture of the knowledge production mechanism. Data on FTE 

experience and expertise could also refine our results and understanding of the input-output 

relationship. Research based agricultural knowledge is one of the most important inputs in 

                                                 
16 This value equals ((1.1)*(358.63)/3.71). 
17 This equals ((0.87)*(358.63)/121501.9). 
18 This value is calculated from the following expression: ((359.63/444873.1)*(14.2 + 2*(-0.56)(ln(444873.1))) 
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the enhancement of agricultural productivity (Alston et al. 1998; 2008), and evidence 

suggests significant impacts of up to past 35 years of research-based knowledge on current 

productivity (Alston et al. 1998, 2008). Therefore better understanding of relevant research 

inputs, environments in which substitution between inputs is viable, and long term impact 

of shifts in investments in research inputs have a great deal of importance for policy 

purposes. This paper poses and provides answers to some of these questions and indicates 

possible directions for future study on this issue.  
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Chapter 3. The Contribution of the University of California Cooperative 
Extension to California's Agricultural Production 

 

 

 

 

Abstract 

 

We analyze the impact of UC Cooperative Extension (UCCE) on regional productivity in 

California. UCCE is responsible for agricultural R&D and dissemination in the state. We 

estimate the sole effect of UCCE on county level agricultural productivity for the period of 

1992-2012. Empirical results show positive impact of UCCE through its stock of 

expenditures comprising of current and lagged values of expenditures. We have assumed 

depreciation of older expenditures, and tested this hypothesis using different depreciation 

rates in our empirical analysis. Our results suggest that for an additional dollar spent on the 

expenditure stock, agricultural productivity, measured as value of sales at the county level, 

improves nearly $5-10 per acre of farmland for knowledge depreciation rates ranging 

between 0-20%. This amounts to an average county level profit of about $24 million to 

total value of sales per acre farmland for the twenty year period. Variations by county are 

apparent and indicate the importance of differentiated expenditures by counties. 
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3.1. Introduction 
 

The history of American agricultural extension dates back more than a hundred years. The 

Morrill Act of 1862 established land-grant universities across the country with the purpose 

of educating the citizens about agriculture, home economics, mechanical arts and other 

practical professions19. According to this Act, each state had to set aside acreage of federal 

land, the income from which would have to support a college or university for teaching 

“mechanical arts” (Rogers, 1988). Twenty five years later, in 1887, the Hatch Act was 

passed, which established the allocation of federal funds to state agricultural experiment 

stations. The Smith-Lever Act of 1914 formalized the cooperative extension through the 

creation of partnership between the land-grant research universities and the U.S 

Department of Agriculture. The Congress clearly stated the purpose of Extension: “to aid 

in diffusing among the people of the U.S. useful and practical information on subjects 

related to agriculture and home economics, and to encourage the application of the same” 

(Rasmussen, 1989). According to the 1914 Act the extension work involved (a) Developing 

practical applications of research knowledge, and (b) Giving instructions and practical 

demonstrations of existing or improved practices or technologies in agriculture. Funding 

for the Cooperative Extension would come from the Congress to the United States 

Department of Agriculture, which would then distribute it amongst the land-grant 

universities, matching the amount to the state and county level expenditures.20 The formula 

designed for allocation of funding for Cooperative Extensions mandated that the federal 

                                                 
19http://www.csrees.usda.gov/qlinks/extension.html 
20http://extension100years.net/en/administration/about_us/chancellors_office/extension/about-smith-lever/ 

http://www.csrees.usda.gov/qlinks/extension.html
http://extension100years.net/en/administration/about_us/chancellors_office/extension/about-smith-lever/


34 

 

and state contribution would each amount to 40%, with county contribution amounting to 

20% of the total (Rogers, 1988). 

Through the course of almost a century, the UC Cooperative Extension (UCCE) has grown 

into a much more elaborated system which has branched out from handling mainly farm 

related issues to many other aspects concerning the farm as well as the overall society. 

Extension advisors communicate practical research based knowledge to agricultural 

producers, small business owners, youth, and consumers, who then adopt and adapt it to 

improve productivity, and income. Today the Extension works in six major areas21: 

Agriculture, 4-H Youth Development, Natural Resources, Leadership Development, 

Family and Consumer Sciences, and Community and Economic Development. In this paper 

however, we focus only on the role of UCCE in agriculture. 

California ranks first among the top five producers of agricultural products, according to 

the California Statistical Review, 2014-15, with crop cash receipts amounting to $53.5 

billion. It has been consistently among the top 5 agricultural producers in the U.S. The 

state's agricultural abundance includes more than 400 varieties of agricultural products. It 

produces nearly half of the nation's vegetable produce, and leads the nation in the 

production of fruit and nuts, such as almonds, walnuts, dates, figs, grapes, plums, etc. 

California's cash receipts from agriculture amount to about 13 percent of the nation’s total. 

According to a report22 by UC Division of Agricultural and Natural Resources (UCDANR), 

                                                 
21http://www.csrees.usda.gov/qlinks/extension.html#today 
22http://ucop.edu/communications/_files/mini-brochures/ANR_minibrochure.pdf 

http://www.csrees.usda.gov/qlinks/extension.html#today
http://ucop.edu/communications/_files/mini-brochures/ANR_minibrochure.pdf
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UCCE has a considerable contribution to California’s agriculture. UC researchers 

discovered ways to remove salt from the soils, which helped turn the arid soils in the 

Central Valley into one of the world's most productive regions. UC-led advancements 

helped farmers irrigate, plant and prune to raise almond yields, and broccoli production. 

As many as 40 different varieties of citruses have been bred by UC researchers. About 65 

percent of the strawberries produced in the state (which constitute 40 percent of the national 

production) are from UC-developed varieties. UCCE has helped create a $119 million 

artisan cheese making industry in Marin and Sonoma counties. California growers have 

been able to save $65 million and reduce irrigation water usage by 100,000 acre-feet due 

to the irrigation scheduling services provided by the California Irrigation Management 

Information System (CIMIS). The Master Gardener program and the Integrated Pest 

Management System (IPM) have also been highly successful in reducing urban landscape 

runoff and pesticide use in the state. UCCE has been working in California for the past 

hundred years, which has contributed significantly to enhancing productivity, making the 

state a leader in agricultural production and income generation.  

With such contributions of UCCE to California agriculture, an economic analysis that can 

assess the productivity of the UCCE spending would be most important especially during 

a period of pressure to reduce public spending on agricultural extension.  Next we review 

several relevant studies and distinguish our work from previous published studies. 

Alston et al. (2009) report that sustained growth observed in the U.S. as well as California 

has been possible due to improvement in total factor productivity, mainly through publicly 
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funded research and development. However, the state of California has experienced a 

reduction in productivity growth consistently during the last fifty years. U.S agriculture in 

general has been experiencing a decline in growth of productivity, according to Ball et al. 

(2013). Alston et al. (2013) report that public funding allocated towards agricultural R&D 

has been declining over that period in the country and is the primary reason for decline in 

productivity growth. Therefore, there is the need to better understand the relationship 

between public expenditures on R&D and extension and its impact on productivity, in order 

to assess how budget cutbacks can affect agriculture in the long run. Early studies such as 

Griliches (1964) estimated a Cobb-Douglas agricultural production function, introducing 

a research and extension variable along with the conventional input variables. Huffman 

and Evenson (1993) and Alston et al. (1998) analyzed in details factors which impact total 

factor productivity (TFP) in U.S. agriculture. The former study covered the period 1950-

1982 for 42 U.S. states. They used expenditures on public and private research and 

agricultural extension to explain TFP, and found positive impact of public agricultural 

research on productivity. Alston et al. (1998) analyzed an aggregated dataset, including 48 

U.S. states for 1949-1991, and examined the impact of a single combined public 

agricultural research and extension expenditure variable on TFP for the U.S. Their results 

show a positive impact of the combined public agricultural research and extension 

expenditure variable. Recent studies such as Alston et al. (2011), Fuglie and Toole (2014) 

and Wang et al. (2013) provide evidence that expenditures on agricultural research provide 

new knowledge and technologies, which enable improvements in agricultural productivity 

in US agriculture. Alston et al. (2011) reported an own-state payoff of $33.3 and a national 
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payoff of $43.4 (including California and inter-state spillover payoff) for every dollar spent 

by in California’s research and extension system, for the period 1949-2002. 

Most recent studies have aggregated extension and publicly funded R&D into one 

combined variable in their studies. Jin and Huffman (2016) is one of the few papers that 

have included public expenditures on agricultural research and extension as separate 

variables for a U.S. state level analysis for the years 1970-2004. Their results provide 

evidence of social rates of return exceeding 100 percent for extension and 67 percent for 

publicly funded agricultural research. 

Extension is often considered a system of dissemination of agricultural knowledge, but it 

is more than just that. In the case of UCCE, there are about a thousand researchers scattered 

across the various county offices and the UC Campuses of Berkeley, Davis, and Riverside 

who are involved in research. The knowledge produced in both basic and applied research 

is then disseminated to farmers and ranchers by UCCE agents and volunteers. While state 

level agricultural research could be oriented more towards the general goal of enhancement 

of productivity, research and extension work carried out at a more local level such as a 

county could be focused more towards solving local impediments, which then fuel 

improvements in local productivity.  

The main contribution of this paper lies in the estimation of the county level impact of 

extension on value of agricultural sales, which we use as an indicator of county level value 
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of agricultural productivity23; the model includes solely the expenditures allocated by 

UCCE towards R&D and extension. The empirical analysis captures the impact of an 

expenditure stock, under the assumption that old expenditures also impact current 

productivity. The intensity of impact of past expenditures on current productivity however 

decreases over time. This idea is analogous to the idea of depreciation of old knowledge, 

and henceforth waning of its impact on productivity. To capture this effect, expenditure 

stock is created using current and past expenditures data, and different deprecation rates 

are considered, in order to analyze the impact of UCCE on county level productivity in 

California for the period 1992-2012. 

The remainder of the paper is organized as follows: section 2 outlines the econometric 

methodology, followed by section 3 that describes the data and variable creation. Section 

4 analyzes the empirical results. We end the paper with conclusion and policy implications 

in section 5. 

3.2. Analytical Framework and Empirical Specifications 
 

Empirical estimation of the impact of public R&D on agricultural productivity uses a 

production function model, with agricultural productivity as the output, and various market 

and non-market factors along with expenditures on R&D and extension as the inputs. 

Griliches (1964), Evenson (1978), Alston et al. (1998, 2011), Jin and Huffman (2016), 

estimated the agricultural production function model. All except Griliches (1964) estimate 

                                                 
23 We use value of agricultural sales and agricultural productivity interchangeably in this paper. Although these two terms 

are not the same since we do not account for cost of production. Value of agricultural sales is used in this analysis as an 

indicator of the value of output of the county’s agricultural sector.  
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the agricultural production function including total factor productivity as their dependent 

variable, which is the net productivity growth after subtracting the effect of inputs such as 

labor, land, machinery, chemicals etc., on agricultural output. These studies used non-

market inputs of production and expenditure stocks in their econometric analyses. Griliches 

(1964) estimated a Cobb-Douglas production function, controlling for land, labor, 

machinery, chemicals, farmer education. This paper estimates a linear relationship between 

value of agricultural sales and UCCE expenditure stock, accounting for other major inputs 

of agricultural production.  

The above mentioned studies assume that R&D expenditures impact productivity, and the 

impact is dynamic. This implies that in any given period in time, productivity is impacted 

by a cumulative stock of past and present expenditures, which is also sometimes referred 

to as the "knowledge stock" (Alson et al.; 1998). The theory is derived from the idea that 

current research-based knowledge is an accumulation of past and present knowledge; some 

of the old knowledge depreciates and becomes less effective.  

Agricultural output is a function of traditional inputs and agricultural knowledge stock 

produced through a stream of expenditures on R&D and outreach.  

𝑄𝑖𝑡 = (𝐾𝑖𝑡 , 𝐹𝑃𝑖𝑡 , 𝐶𝑖𝑡 , 𝑢𝑖𝑡)        (1) 

 

where i = county, t = year, K represents stock of knowledge, FP represents traditional 

factors of production, C represent other farmer characteristic related control variables, u 

represents the unknown factors. 
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The stock of knowledge can be represented as a function of the stream of current and past 

R&D expenditures: 

𝐾𝑖𝑡 = 𝑓(𝐸𝑖𝑡 , 𝐸𝑖,𝑡−1, 𝐸𝑖,𝑡−2, 𝐸𝑖,𝑡−3. . 𝐸𝑖,𝑡−𝐿)          (2) 

 

where E denotes expenditures by UCCE, and  L denotes total number of time lags. For 

more on the knowledge production function that we estimated, see Chatterjee et al. (2016). 

The corresponding econometric model we estimate is: 

 

𝑦𝑖𝑡 = 𝛼 + 𝛽1𝐾𝑖𝑡 + 𝛽2𝐿𝑖𝑡 + 𝛽3𝐻𝐿𝑖𝑡 + 𝛽4𝑀𝑖𝑡 + 𝛽5𝐶𝑖𝑡 + 𝛽6𝑃𝑂𝑖𝑡 + 𝛽7𝐴𝑖𝑡 + 𝜌𝜑𝑖 + 𝜃𝐹𝑡 + 휀𝑖𝑡   (3)  

 

where i = 1, 2, .....50; t =1992, 1997, 2002, 2007, 2012. 

y is the total value of sales of agricultural products per acre of farmland, 

K is the stock of knowledge,  

L is acres harvested,  

HL is hired labor24, 

M is machinery, 

C is acres on which chemicals are applied, 

PO is number of primary occupation farmers, 

A is average age of farmer, 

φ is the county fixed effects variable, 

                                                 
24 We are unable to account for undocumented labor in this analysis, because the data on undocumented labor is not 

available in the USDA agricultural census. Perhaps our estimates provide an overestimation of the impact of labor on 

value of agricultural sales per acre, because of this issue. This issue can be addressed with the availability of the relevant 

data. 
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F is the year fixed effects variable,  

and ε is the error term. 

All the above variables are expressed in terms of per acre farmland. 

The above model is based on the assumption that UCCE expenditures on R&D and 

outreach are allocated towards research that minimizes the impact of county level 

temperature and precipitation variability  on productivity.25  

The variable for knowledge stock enters our model as a sum of current expenditure and a 

depreciated sum of last period's knowledge stock: 

 

𝐾𝑖𝑡 = 𝐸𝑖𝑡 + (1 − 𝛿)𝐾𝑖𝑡−1          (5) 

 

In  (5), δ is the rate of depreciation of the stock of existing knowledge. Alston et al. (1998) 

and Griliches (1998) observed that some knowledge produced through research and 

development process depreciate through time and become obsolete. The rate of 

depreciation has varied for different studies. Griliches (1980; 1986) implements knowledge 

depreciation rates of 0, 10, 15, and 20 percent.  Adams (1990) estimates an annual 

depreciation rate of 9 to 13 percent. Khan and Salim (2015) sets a depreciation rate of R&D 

at 8 percent in their study. For the purpose of this study we estimated models (3) and  (4) 

for depreciation rates ranging from 0 to 20 percent and higher and compare our results. 

                                                 
25 We use a simple linear relationship in this paper; other cases with non-linear relationships between the 

inputs and  the dependent variable could be potentially used for the analysis. We estimated different models 

and decided to report the linear model coefficients. With availability of more data, this study could be 

extended to explore non-linear relationships. We do not consider the extreme cases where there is only one 

input, UCCE expenditures, or labor, etc. in this analysis.     
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Pardey and Craig (1989) concludes that at least 30 years of lagged variables may be optimal 

and may capture all the impact of research on agricultural output. Alston et al.(2008; 2011) 

tested 30 and 50 year lags of research expenditures respectively. Jin and Huffman (2016) 

used 35 year lags of public agricultural research expenditures and 4 year lags for public 

agricultural extension in their empirical analysis. For our study we include 5 lagged values 

of UCCE expenditures in our construction of knowledge stock, which is calculated using 

the following equation26: 

𝐾𝑖𝑡 = 𝐸𝑖𝑡 + (1 − 𝛿)𝐸𝑖𝑡−1 + (1 − 𝛿)2𝐸𝑖𝑡−2 + (1 − 𝛿)3𝐸𝑖𝑡−3 + (1 − 𝛿)4𝐸𝑖𝑡−4 + (1 − 𝛿)5𝐾𝑖𝑡−5      (6) 

                                                                                                                                                    

A pertinent issue in terms of empirical analysis is that of model selection. One may suggest 

the existence of endogeneity in the allocation of UCCE budgets. However, through 

interviews of UCCE officials we rejected that hypothesis. The interviews revealed that 

county level UCCE budgets are allocated depending on the overall state and federal 

budgets allocated to that particular county, as well as the negotiations between UCCE 

county directors and the county government’s board of directors. This makes the process 

of allocation of funds towards UCCE exogenous, and to a large extent independent of the 

level of productivity of the county’s agricultural sector.   

We empirically test our model with different depreciation rates to examine if it affects the 

coefficient of knowledge stock on productivity; and if it does, then to what extent.  

 

                                                 
26 The choice of the number of lags is also guided by unavailability of data beyond 5 lags. 
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3.3. Data 
 

For this paper we use agricultural census data for the years 1992, 1997, 2002, 2007 and 

2012, for the information on value of agricultural sales, factors of production, and farmer 

characteristics. The agricultural census survey is conducted by US Department of 

Agriculture (USDA) at the national level every 5 years. The data we use is aggregated at 

the county level, for each county in California. All monetary values used in the paper are 

expressed in constant 2013 USD. 

California has 58 counties in total. We collected UCCE annual budget data by county 

offices for the years 1992 through 2012, which was available for 50 county offices.  Some 

counties in our dataset have a shared budget allocation with another county; such counties 

include Humboldt and Del Norte, Inyo and Mono, Placer and Nevada, Plumas and Sierra, 

Sutter and Yuba, Shasta and Trinity, and San Mateo and San Francisco. We consider each 

of these two-county combinations as a single county, for our analysis. There is no UCCE 

office in the county of Alpine in our records, hence it is excluded from the analysis. 

Henceforth, we will refer to UCCE budget data as expenditures on R&D to avoid 

ambiguity.   

For our empirical model, ‘Land’ is measured as total harvested acres. ‘Labor’ is represented 

by total number of hired labor employed. ‘Machinery’ is the sum of all kinds of machines 

used in the production process for each county, which includes cotton pickers and strippers, 

forage harvesters, grain and bean combines, hay balers, tractors, and trucks, including 

pickups. The variable ‘Chemicals’ is the ratio of the sum of all acreage on which fertilizers 
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and pesticides were applied, to total farmland. We use the variable ‘average farmer age’ to 

represent farmer experience in a county. We also include total number of farmers in a 

county with farming as primary occupation as the second farmer characteristic variable.  

Summary statistics for the entire data set (N=250, 50 counties x 5 years) are reported in 

Table 3.1. Mean total value of sales per acre for our sample is $1316, and UCCE 

expenditures per acre is nearly $627. One-fourth of an acre of farmland is harvested on  

average28. 1 unit of hired labor is employed per 50 acres of farmland, and 1 unit of 

machinery per 100 acre. Chemicals and fertilizers are applied to nearly two thirds of an 

acre of farmland29. Average farmer age in the state is 57.2 years, comparable to the national 

figure of 58.3 years.30  

Figure 3.1 shows the relation between total value of sales per acre and UCCE expenditures 

per acre for each year, for all counties. We can observe a positive correlation (Appendix 

Table A.8.) between expenditures and productivity (sales). We also observe very high 

expenditures for counties like Los Angeles and San Francisco-San Mateo. Los Angeles 

county agricultural products includes alfalfa, one of the most important crops in that region. 

Its average total value of sales per acre is $2547, which is close to double the sample mean 

                                                 
27 This is the mean value for UCCE expenditures pre acre for each census year. 

 
28

The mean value of the share of acres of harvested land to total farmland acres, calculated based on our entire data set, equals 0.25. 

The calculated percentage of total acres harvested, to total acres of farmland (across all counties, and all years), amounts to 30%. This 

figure is very similar to that reported in the 2002 report by UC Davis: 

http://aic.ucdavis.edu/publications/moca/moca_current/moca09/moca09chapter1.pdf 
 
29 The variable which represents ‘chemicals and fertilizers’, is measured as the ratio of total area on which fertilizers, pesticides and 

other chemicals were applied, to total area of farm land. In the Agricultural Census, farmers are asked to provide a count of the number 
of acres on which 4 main types of chemicals are applied to treat diseases, and 2 types of fertilizers are added, including manure. We 

create a count variable that is divided by total farmland acreage, and the resulting variable can theoretically range, for each farm 

surveyed, between 0 and n (n>1).  The reason is that the same acre could be reported several times as receiving chemicals and fertilizers. 
30 Census of Agriculture highlights, 2012. https://www.agcensus.usda.gov/Publications/2012/Preliminary_Report/Highlights.pdf 

http://aic.ucdavis.edu/publications/moca/moca_current/moca09/moca09chapter1.pdf
https://www.agcensus.usda.gov/Publications/2012/Preliminary_Report/Highlights.pdf
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of $1316. Mean UCCE expenditures per acre for the county equals $30, which is nearly 5 

times the sample mean of $6.2. San Francisco-San Mateo counties include wine and apiary 

products as their most prominent crops. 

 

Table 3.1. Summary statistics 

 

Variable Observations Mean Standard 

Deviation 

Minimum Maximum 

Total value of 

sales per acre of 

farmland 

 

250 1315.68 1505.09 14.74 10331.21 

UCCE 

expenditures per 

acre of farmland 

 

250 6.21 8.59 0.64 62.92 

Acres harvested 

per acre of 

farmland 

 

249 0.25 0.22 0.001 0.93 

Hired labor per 

acre of farmland 

 

250 0.02 0.04 0.0001 0.28 

Machinery per 

acre of farmland  

 

250 0.01 0.01 0.001 0.06 

Chemicals 

(Acres) per acre 

farmland 

 

250 0.64 0.60 0.003 2.14 

Primary 

occupation 

farmers 

 

250 847.90 807.40 83 4363 

Average farmer  

Age 

 

250 57.19 2.25 51.55 63.8 

 
Note: There is one missing observation for harvested acres in data set; it was published as ‘missing’, in the 

1992 agricultural census by USDA. 

 

 

These two counties have the highest mean UCCE expenditures per acre of $45, and mean 

total value of sales per acre of $3283.  
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Santa Cruz has the highest average value of sales per acre among all counties, which equals 

to $6902; its mean UCCE expenditure per acre of $24. The highest amount of cash receipts 

for the county comes from strawberries, raspberries and other berries, followed by nursery 

crops and vegetables like brussel sprouts and lettuce. Mariposa has the lowest average 

value of sales per acre at $53, and $2 worth of average UCCE expenditures per acre. It can 

be argued that higher expenditures on research and extension in some of the lower 

performing counties can be substitutes for other traditional inputs, which may be scarce in 

supply. With the availability of efficient methods of agriculture, higher income for farmers 

as well as lower priced home-grown crop production can be ensured for the county, thereby 

benefitting both the consumers and producers of agricultural products. Section 5 of the 

paper discusses the issue of substitutability of traditional inputs with UCCE expenditures, 

for policy purposes. 

State level expenditures (in constant 2013 USD) by UCCE show an overall downward 

trend in Figure 3.2, Panel (a). Expenditures started falling after 1992, before they started 

to go up again in 1999, increasing to the maximum point in 2002. Since 2009 we observe 

a steady decline in expenditures, probably due to the financial crises faced by the State of 

California and the University of California System. In Figure 3.2., Panel (b) we can see 

that the total value of sales per acre of farmland in California has been growing over the 

five census years included in our analysis. Between the period of 1992 and 2012, total 

value of agricultural sales per acre of farmland has risen (from $889 to $1693), by 90 

percent. Real expenditures made by UCCE normalized per acre have remained relatively 

unchanged over these census years, ranging between $3-$4. 
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Figure 3.1. Total value of sales per acre and UCCE expenditures per acre (constant 2013 

USD) for 1992 - 201231. 

                      Panel (a): 1992                                                               Panel (b): 1997 

      
 
                           Panel (c): 2002                                                   Panel (d): 2007 

     
                                                                

 
                                                            Panel (e): 2012 

                                      
 

 

 

                                                 
31 Outliers are removed from the diagrams to improve interpretation of the names of counties. 
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Over the same period of time we observe a 12 percent reduction in acres of farmland in the 

state, from 29 million acres in 1992 to 25.5 million in 2012.  

 

Figure 3.2. State-level UCCE expenditures, and their relationship with total value of sales per acre 

of farmland. Panel (a) Total expenditures by UCCE for 1992-2012 (constant 2013 million USD).  

Panel (b) Total value of sales per acre of farmland and contemporaneous UCCE expenditures per 

acre for 1992-2012 (constant 2013 USD). Panel (c) Sum of current and last 5 year’s UCCE 

expenditures per acre of farmland for 1992 – 2012 (constant 2013 thousand USD) 

                                     Panel (a)                                                   Panel (b) 

     

        Panel (c) 

                                               
 

If we consider the stock of expenditures instead of expenditures for the current year only, 

then the picture is different. In Figure 3.2., Panel (c) we observe that the expenditures stock 

(sum of current and 5 previous year’s expenditures) per acre has undergone a steady growth 
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over the same period. Therefore, even though the expenditures made by UCCE has fallen 

over time, the expenditure stock per acre of farmland has risen over this period. We observe 

a decline in the expenditure stock in 2012; this may be the reflection of the effect of the 

steady decline in annual UCCE expenditures since 2009 that we observe in Figure 3.2, 

Panel (a). We observe a positive relationship between this cumulative input and 

productivity (measured as sales per acre) over the period of our study.  

3.4. Results 
 

3.4.1 Mean county level impact of UCCE 
 

 

Empirical results of our paper are reported in Table 3.2. We have considered a number of 

cases; in the first case, we consider knowledge depreciation rate32 to be zero. This implies 

that all old knowledge remains effective, and each of the five expenditure lags in the 

expenditure stock variable have equal impact. The coefficients for this regression are 

reported in column (1) of Table 3.2. Results indicate that the coefficient for stock of 

expenditure equals 5.25, and is statistically significant from zero at 10 percent level of 

significance. This implies that a dollar increase in the expenditure stock (accumulated over 

the last 5 years) leads to an extra $5.25 in the value of sales per acre, on average. Harvested 

acres (a measure of economies of scale) as a share of total farmland has a negative 

                                                 
32 This means we plug in δ=0 in equation 4 and 5.  



50 

 

coefficient with total value of sales per acre, but this effect is not statistically significant 

from zero33. 

The marginal value of hired labor per acre of farmland (measured in total sales per acre) is 

about $23,000. Hired labor accounts for nearly 33 percent of all farm employment and is 

responsible for about 60 percent of all farm work in the U.S., according to Martin and 

Jackson-Smith; 2013. The labor force is largely born abroad and has become more 

important for bigger farms in the country. Hired labor employment per acre has undergone 

a 22 percent decrease between 1992 and 2012. 

The average cost of a hired labor is about $10,385 for our sample, (average computed over 

counties and years) with an average per acre cost of less than a dollar. Therefore for an 

additional hired labor, there is a net gain of $23,000 to total value of sales per acre.34 

Machinery has a positive coefficient according to our findings; but the effect is not 

statistically significant. Acres on which chemicals were applied as a share of total acres of 

farmland reports a statistically significant increase of $1,248 on county productivity. Our 

data indicates a 43 percent increase in acreage of chemical application as a share of total 

farmland over the time of 1992-2012, contributing to the increase in productivity seen over 

                                                 
33 We estimated the same empirical model, including individual UCCE expenditure lags as separate independent 

variables. The estimates indicate that each individual expenditure lag does not have a statistically significant impact. The 

idea is similar to what the literature suggests. The underlying idea is that the expenditures stock, which generates a 

knowledge stock, affects productivity, or value of agricultural sales.  

 
34 Expenditure on hired labor is obtained from the agricultural census reports published by USDA. It is divided by total 

number of hired labor recorded in the census, and then expressed in per acre terms through division by total farm land 

in acres, all values aggregated at the county level.  
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the same period. Average cost of chemicals per acre of application is $152; this quantity 

when calculated in per acre farmland terms becomes less than $135. 

 

 

Table 3.2. Regression coefficients for models with UCCE expenditures stock expressed as 

sum of past expenditures undergoing depreciation in panel dataset. 

 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

VARIABLES δ=0 δ =0.05 δ =0.07 δ =0.08 δ =0.09 δ =0.1 δ =0.15 δ =0.2 δ =1 

          

R&D expenditure stock per acre  5.25* 7.49* 7.76* 7.90* 8.04* 8.19* 8.90* 9.62* -31.14** 

farmland (2.71) (3.74) (3.90) (3.99) (4.08) (4.16) (4.63) (5.12) (19.37) 

Acres harvested per acre of 

farmland 

-631.9 -683.6 -688.5 -691.0 -693.6 -696.2 -709.7 -724.0 -580.8 

 (2,380) (2,358) (2,357) (2,357) (2,357) (2,356) (2,355) (2,354) (1,990) 

Hired labor per acre of farmland 23,262*** 23,069*** 23,070*** 23,070*** 23,070*** 23,071*** 23,075*** 23,084*** 25,089*** 

 (7,280) (7,214) (7,225) (7,231) (7,236) (7,242) (7,274) (7,311) (5,890) 

Machinery per acre of farmland 28,253 27,949 27,985 28,005 28,027 28,050 28,193 28,390 46,645 

 (33,349) (33,028) (33,034) (33,037) (33,040) (33,044) (33,065) (33,090) (29,349) 

Chemicals per acre of farmland 1,248* 1,231* 1,230* 1,230* 1,230* 1,230* 1,230* 1,231* 1,407*** 

 (631.5) (633.1) (633.7) (634.1) (634.4) (634.8) (636.7) (638.8) (484.6) 

Primary occupation -1.19*** -1.19*** -1.19*** -1.19*** -1.19*** -1.19*** -1.19*** -1.19*** -1.14*** 

 (0.26) (0.26) (0.26) (0.26) (0.26) (0.26) (0.26) (0.26) (0.24) 

Average age -43.78 -42.78 -43.04 -43.17 -43.30 -43.43 -44.13 -44.87 -34.04 

 (34.83) (33.90) (34.05) (34.14) (34.22) (34.31) (34.79) (35.35) (36.18) 

Constant 2,154 2,085 2,097 2,103 2,110 2,116 2,150 2,187 1,837 

 (1,986) (1,938) (1,947) (1,952) (1,956) (1,961) (1,988) (2,019) (2,024) 

          

Observations 249 249 249 249 249 249 249 249 249 

R-squared 0.944 0.944 0.944 0.944 0.944 0.944 0.943 0.943 0.943 

County FE YES YES YES YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES YES YES YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

 

Therefore the $1,248 addition to total value of sales per acre is also the net impact of an 

acre of chemical application per acre of farmland. An additional primary-occupation 

farmer in a county impacts productivity negatively (-$1.2 towards total value of sales/acre) 

                                                 
35 Expenditure on all chemical and fertilizer application is obtained from the agricultural census reports. It is divided by 

total number of acres on which application took place, and then expressed in per acre farmland terms through division 

by total farmland (acres); all values are aggregated at the county level.  
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in our analysis; this impact is statistically different from zero at one percent level of 

significance. This could be interpreted as existence of less efficient farmers in the 

agricultural sector whose primary occupation is farming. 

Studies provide empirical evidence of movement of educated and more efficient farmers 

to off-farm work, both for the U.S (Huffman, 1980) and internationally (Pakistan; 

Fafchamps and Quisumbing, 1999). The more efficient farmers may have obtained 

multiple jobs or careers, thereby leaving the less efficient ones as primary occupation 

farmers, which is captured by our estimated coefficient in Table 3.2.36  

Columns (2)-(8) of Table 3.2. report coefficient estimates for our original model for 

different values of knowledge depreciation rate (represented by the δ-values on top of each 

column in Table 3.2.). For δ ranging between 5 to 9 percent (represented by columns (2)-

(5)), the coefficient of the expenditure stock variable changes from 7.5 to 8, and is 

significantly different from zero at 10 percent level of significance. The coefficients of 

other control variables are very similar among the different models. This implies that 

contribution of expenditure stock towards productivity improves under the assumption of 

a more dynamic system where old knowledge is replaced quickly, while controlling for 

everything else. The coefficient increases as from 8.2 to 9.6, between 10 and 20 percent 

knowledge depreciation rate values. However this positive coefficient becomes statistically 

                                                 
36 The above model was estimated, including number of primary occupation farmers per farm for a county as the 

independent variable instead of number of primary occupations per county. This is to capture the cases where a primary 

occupation farmer is cultivating more land and producing less output, or vice versa. The coefficient estimate of the new 

independent variable is still negative but statistically insignificant. 
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insignificant for higher rates of depreciation between 50 and 70 percent, and finally 

becomes negative for rates exceeding 80 percent, indicated in Appendix Table A.7.  

Knowledge stock in the 100 percent knowledge depreciation scenario is represented by 

current period expenditures on R&D and outreach; all previous expenditures become 

obsolete in terms of their effect. Regression results are reported in Column (9). We see that 

while coefficients for all other control variables remain similar to the depreciated 

knowledge cases, that for our expenditure stock becomes negative (-31.14) and 

significantly different from zero, at 5 percent level of significance. This implies that current 

expenditures reduce current total value of sales per acre by nearly $31. This negative 

coefficient could be capturing the allocation of higher value of resources for counties which 

have experienced low performance during that fiscal year, or cutbacks for a particular 

county that has performed well. Also, as Foster and Rosenzweig (1995) found, new 

technology takes a while to be adopted, and its full impact is observed over time. So a 

combination of the two may explain the results we have obtained. Therefore, consideration 

of only the current period expenditures on measuring the impact of R&D and outreach on 

productivity only tells us part of the story. A more complete picture requires understanding  

how the current stock of research-based knowledge impacts productivity. The current 

knowledge stock is the sum of old and new knowledge produced through expenditures in 
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R&D and outreach; thereby providing a more complete understanding of long term impact 

of UCCE on county productivity.37 38 

3.4.2 Estimation of individual county level impact 
 

Empirical results in Table 3.2. inform how UCCE impacts average county level 

productivity. However, we now want to test our theory that the impact of UCCE efforts on 

productivity varies across counties. From policy perspective this analysis is an important 

contribution to the literature. To achieve this we have made some modifications to our 

original model. The main empirical model remains unchanged; we include interaction 

terms between dummy variables representing each county and its UCCE expenditures into 

the old model. Regression coefficients for the 2339 counties are reported in Table 3.3. for 

knowledge depreciation rates from 0 to 20 percent, and it includes only the coefficients for 

the county effects40. This model is estimated without including weather variables 41.  

                                                 
37 We have estimated a model including county average temperature and precipitation into the regression model 

represented by equation 3, and found that weather variables do not have any significant impact. The impact of UCCE 

expenditure stock and its signs are comparable. We also estimated the model with interaction terms between UCCE 

expenditures stock and our county averages of temperature and precipitation, and obtain insignificant coefficients.   

 
38 We suspected that the difference in the value of expenditures stock between 1992 and any other year may be the 

causing the variation which is giving us our statistical coefficient estimates. To test this we have assumed that UCCE’s 

expenditure stock in the year 1992 did not deviate much from the rest of the years, which remains around $20 per acre. 

Therefore we multiplied the expenditure stock of the year by 5, to make it comparable to the remaining years and found 

significant coefficients for expenditure stock ranging from $1 to $11 for knowledge depreciation rates ranging from 5-

20 percent.  

 
39 27 counties with statistically insignificant coefficients were removed from the analysis to minimize the loss of  degrees 

of freedom.  

 
40 This is done due to space constraint. 

 
41 This is because of two reasons. First, we have not found any significant impact of mean temperature and precipitation 

on total value of sales per acre from our previous results. Secondly, estimation of weather variables on total value of sales 

per acre for each individual county would require the addition of at least 46-92 additional variables, for the linear and 

quadratic weather variables we included in equation 4. This would take away degrees of freedom to a large extent, and 

affect the accuracy of our results.  
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The first row in Table 3.3. reports the impact of UCCE in Alameda on total value of sales, 

which is negative for all our knowledge depreciation rates, and is statistically significant 

from zero for depreciation rates ranging from 7 to 20 percent. Fresno records the highest 

positive coefficient of UCCE expenditures stock; it varies from $12442 to $230 addition to 

total value of sales per acre, for knowledge depreciation rates varying from 0 to 20 percent.  

Table 3.3. Coefficients of differential county level impacts of UCCE expenditures on total 

value of sales per acre, at different levels of knowledge depreciation. 

 (1) (2) (3) (4) (5) (6) (7) (8) 

VARIABLES δ =0 δ =0.05 δ =0.07 δ =0.08 δ =0.09 δ =0.1 δ =0.15 δ =0.2 

Alameda -4.47 -6.28 -6.66* -6.86* -7.07* -7.28* -8.45* -9.82* 

Amador -20.88** -28.99** -30.38** -31.10** -31.84** -32.59** -36.60** -41.02** 

Calaveras -15.87** -20.70** -21.62** -22.09** -22.58** -23.07** -25.63** -28.38** 

Fresno 123.63*** 167.42*** 174.84*** 178.64*** 182.43*** 186.42*** 207.35*** 229.98*** 

Humboldt-Del Norte -30.38*** -52.39*** -56.25*** -58.32** -60.50*** -62.77*** -75.96*** -92.97*** 

Imperial 9.44** 10.20* 10.28 10.3 10.31 10.32 10.18 9.64 

Kern 39.88*** 57.18*** 59.91*** 61.34*** 62.80*** 64.31*** 72.51*** 81.96*** 

Los Angeles 0.90 1.07 1.11 1.13 1.14 1.16 1.26 1.36* 

Modoc -31.38*** -38.35** -39.71** -40.38** -41.06** -41.72*** -44.85** -47.37* 

Monterey 30.23** 48.16** 50.90*** 52.35*** 53.84*** 55.40*** 64.10*** 74.63*** 

Napa 15.12*** 21.10*** 22.02*** 22.49*** 22.98*** 23.46*** 26.03*** 28.78*** 

Orange 8.27*** 9.66*** 9.84*** 9.92*** 9.99*** 10.05*** 10.20*** 9.95*** 

San Bernardino 49.17*** 64.00*** 66.72*** 68.13*** 69.56*** 71.04*** 78.90*** 87.67*** 

San Diego 5.78*** 8.05*** 8.47*** 8.69*** 8.92*** 9.15*** 10.45*** 11.99*** 

San Francisco-San Mateo 3.25*** 5.66*** 5.89*** 6.00*** 6.11*** 6.23*** 6.82*** 7.44*** 

San Joaquin 16.00*** 24.76*** 25.84*** 26.40*** 26.96*** 27.54*** 30.57*** 33.79*** 

Santa Clara 0.02 -0.04 -0.14 -0.18 -0.24 -0.29 -0.62 -1.05 

Santa Cruz 10.31*** 18.32*** 19.68*** 20.41*** 21.17*** 21.98*** 26.69*** 32.79*** 

Siskiyou -33.95*** -42.95*** -45.03*** -46.10*** -47.21*** -48.35*** -54.45*** -61.34*** 

Sonoma 21.16*** 30.11*** 31.55*** 32.29*** 33.05*** 33.83*** 38.01*** 42.69*** 

Stanislaus 12.98** 17.78** 18.27** 18.51** 18.73** 18.96** 19.90** 20.35* 

Tulare 47.68*** 69.36*** 72.76*** 74.53*** 76.35*** 78.22*** 88.40*** 100.08*** 

Ventura 9.69* 13.89** 14.58** 14.94** 15.30** 15.69** 17.80*** 20.30** 

*** p<0.01, ** p<0.05, * p<0.1 

                                                 
42 Numbers are rounded. 
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The coefficient is statistically significant from zero at 1 percent level of significance. The 

second highest statistically significant impact is obtained for Tulare, and it varies between 

$48 to $100. San Bernardino has the next highest impact on total value of sales per acre, 

which ranges between $49 to $88. 

The lowest positive impact is seen in Los Angeles county, ranging from $0.90 to $1.36. 

But this impact is statistically significant for δ=0.2. Kern, Monterey, San Joaquin, 

Stanislaus, and Ventura, which are among the top ten agricultural counties, have positive 

statistically significant impacts reported in columns (1)-(8). Alameda, Amador, Calaveras, 

Humboldt-Del Norte, Modoc and Siskiyou counties have negative coefficients for 

knowledge depreciation rates ranging from 0 to 20 percent. For Imperial county we observe 

a $9 to $10 increase in total value of sales for knowledge depreciation rates 0 and 10 percent 

respectively. For higher levels of knowledge depreciation rate, the value of the coefficients 

starts falling, and do not remain statistically significant from zero. This result implies that 

adoption of new technologies at these rates may incur high costs, and can stop impacting 

productivity positively. Los Angeles, San Francisco-San Mateo, Santa Cruz counties do 

not report high impact on productivity, even though they are among the counties recording 

some of the highest expenditures made by UCCE.43 

                                                 
43 The coefficient estimate for UCCE is statistically insignificant in case of Los Angeles and for San 

Francisco, small but positive and statistically significant. Through discussions with the UCCE officials, we 

learnt that in both these counties, there is considerable non-agricultural research and outreach work done by 

UCCE. This may explain why expenditures in research and outreach may not have any notable impact on 

agricultural sales in these two counties. 
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Overall Fresno, Kern, Monterey, Tulare and San Bernardino counties record the largest 

impacts of UCCE expenditure stock. The first four counties are among the top ten 

agricultural producers in the state. All these counties are also among the biggest producers 

of some of the most high profile agricultural products in terms of receipts, e.g., grapes, 

almonds, strawberries and citrus among fruits and nuts, tomatoes and lettuce among 

vegetables, dairy, and livestock and poultry. The results discussed above provide better 

understanding of UCCE's impact on individual county level productivity. More productive 

counties in general report higher impact of UCCE presence.  

3.4.3. Substitution between inputs of agricultural production 
 

 

A pertinent issue with respect to this paper is the substitutability between UCCE 

expenditure stock and other inputs of production. This is particularly relevant because some 

counties may face scarcity of one or more of the traditional inputs, and it would be an 

important contribution if expenditures on research can be a substitute for the said input. 

For this exercise, we use the inputs that have been found to have a statistically significant 

positive impact on productivity, viz., hired labor, and acres of chemical application. Since 

number of primary occupation farmers brings down productivity, it is a "bad" input. We 

have used a linear model in this paper, which makes the calculations simpler, under the 

assumption of constant marginal productivity. We use the equation of marginal rate of 

technical substitution (MRTS): 

𝑀𝑅𝑇𝑆1,2 =  −
𝑀𝑃1

𝑀𝑃2
                  (7) 
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Using our regression coefficients in Table 3.2. we obtain the value of this ratio, which 

equals -0.00034 (-7.9/23096). This means that a dollar increment in UCCE expenditure 

stock per acre will lead to reduction in hired labor per acre by this fraction, keeping total 

value of sales per acre constant. This translates to a 0.2 percent fall in average hired labor 

per acre for a 1 percent rise in average UCCE expenditures per acre. For the next significant 

input, which is acres of chemicals applied as a share of total farmland acres, we find that 

MRTS equals -0.006 (-7.9/1248), representing the reduction in the input for a dollar 

increase in UCCE expenditure stock per acre farmland. This translates to a 0.06 percent 

fall in average acres of chemical application per acre, for a 1 percent rise in average UCCE 

expenditures per acre. Similar trends in substitution were reported in Goodhue et al. (2010) 

suggesting that almond grower education programs can have a significant effect on 

pesticide use decisions. We observe that substitution effect is low between the 

aforementioned traditional inputs and UCCE expenditures; thereby hinting at 

complementarity between each of them and UCCE expenditures. These estimates are a 

starting point in the discussion on the topic, which has very important policy implications 

not only for California but also for the entire nation.  

Using the coefficient estimates we calculate the rise in total value of sales per acre for our 

sample, using mean UCCE expenditures per acre; it amounts to $49 ($6.2×7.9, where $6.2 

is mean UCCE extension R&D expenditures and 7.9 is the mean value of the coefficient 

for UCCE expenditure stock44). Multiplying this $ value by mean farmland acres in our 

                                                 
44 This is calculated for knowledge depreciation rates ranging from 0 to 20 percent.  
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data set provides a total increase in value of sales amounting to $26,490,307 

($49×540,618.5), on average per county. The average per county real expenditure for the 

twenty year period between 1992 and 2012 amounts to $1,778,146, which implies that 

there is an average per county profit of about $24 million, due to the UCCE expenditures 

in R&D and outreach. This provides some evidence of the scale of impact of UCCE 

expenditure stock on average county productivity. The same calculations for individual 

counties can provide a more in depth understanding of individual county level effect, for 

policy planning. 

3.5. Summary, Conclusion and Policy Implications  
 

We estimate the impact of University of California Cooperative Extension (UCCE) on 

county level agricultural productivity in California, using a model representing a 

relationship between value of agricultural sales as a representative of productivity, and 

inputs of production including UCCE expenditures. Our analysis is aggregated to the 

county level because UCCE operates from county offices distributed across the state. We 

obtained data for UCCE budgets for all R&D and extension projects for 50 county offices 

statewide, for the years 1992 to 2012, and used them as proxies for R&D expenditures. 

Stock of knowledge produced through UCCE expenditures on R&D and outreach is 

modeled as a non-linear function of a stream of current and depreciated past expenditures, 

and used as our independent variable of interest. Data on factors of agricultural production 

such as harvested acreage, hired labor, chemical applications, machinery, average farmer 

age and number of primary occupation farmers were obtained from census of agriculture 

conducted by United States Department of Agriculture (USDA), for five census years 
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spanning over 1992-2012. Productivity is represented by total value of sales per acre of 

farmland, using data from the census of agriculture. We obtain temperature and 

precipitation data from NOAA, for all weather stations in California and calculate county 

levels means for our empirical analysis. 

To estimate the impact of UCCE expenditures on R&D and outreach on productivity, we 

construct a stock of expenditures. For this we use current and 5 lagged values of UCCE 

expenditures, and a range of different depreciation rates. The intuition is that old 

knowledge depreciates over time, therefore older expenditures enter the model as a 

depreciated value. We analyze our model using depreciation rates ranging from 0 to 9 

percent, and then 10, 15 and 20 percent following Griliches (1980, 1986). Regression 

results indicate that UCCE's stock of expenditures has a statistically significant impact on 

total value of sales per acre, which varies from nearly $5 to $10, for depreciation rates 

between 0 and 20 percent. For higher rates of depreciation of knowledge, the coefficient 

becomes statistically insignificant. Results therefore suggest that for more dynamic 

systems with frequent innovations, UCCE's efforts have a higher impact on productivity; 

this effect however becomes insignificant with very high (50 - 80%) levels of depreciation. 

For knowledge depreciation rate of 100 percent we find that the coefficient becomes 

negative (-$31) and this effect is statistically different from zero. This result likely captures 

the allocation of higher expenditures on counties which have reported lower performance 

during the year; or cutbacks for a particular county which is performing well. Therefore, 

our results are in agreement with the existing literature that suggests that old expenditures 

impact current productivity positively, and their exclusion tells us only a partial story.  The 



61 

 

coefficients we have obtained in this study indicate that there is scope for improvement in 

research and outreach; introduction of new research-based knowledge and technology 

improve productivity. Results also suggest that primary-occupation farmers may be less 

efficient than those who are able to maintain more than one profession. Efforts could be 

focused towards improving any existing gaps in efficiency among farmers in different 

counties.  

Empirical results also include the impact of UCCE's R&D expenditure stock on individual 

counties. This is an important contribution to the literature, which has not adequately dealt 

with county level analysis of the state cooperative extension system before. Controlling for 

individual county and year fixed effects which may be driving productivity in that county, 

we find that some of the major agricultural counties in the state record high positive impacts 

of UCCE R&D expenditure stock. Out of the 50 counties in our study, we observe that 

UCCE R&D expenditures stock has a significant impact on 22 counties for all values of 

knowledge depreciation. We observe statistically significant negative impact on a few 

counties such as Alameda, Amador, Calaveras, Humboldt-Del Norte, Modoc, and 

Siskiyou. For the remaining counties the impact is not statistically different from zero. In 

terms of policy, these coefficients can be used as reference points for allocating budgets to 

different counties. Research and outreach efforts could be targeted to the counties with 

inconclusive (statistically insignificant) or negative impacts; monetary impact of cutbacks 

on county productivity could also be calculated, using the estimates of this paper.  
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A caveat of this paper is that spillover effects have not been included in the model. The 

empirical model assumes that there is no spillover; this effect can be incorporated in future 

work. This paper estimates a simplified model of agricultural sales as a function of inputs 

including UCCE expenditures stock, to provide county level impact of UCCE expenditures 

on R&D and outreach on productivity, which can provide policy makers a reference point 

for policy decisions in California. Another caveat is the relatively short period of time (20 

years), considered in our analysis. Longer time-series data would lead to higher values of 

benefits from our estimates.   
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Chapter 4. Impact of Agricultural Extension on Irrigation Efficient 
Production and Water Use: The Case of California Agriculture 
 

 

 

 

 

Abstract 

 

 

University of California Cooperative Extension (UCCE) is responsible for disseminating 

irrigation information with the aim of enhancing productivity, using irrigation efficient 

technology. This paper estimates the impact of UCCE as a source of irrigation information, 

on irrigation efficient production and water use per irrigated water, for California’s farmers 

for the Farm and Ranch Irrigation Survey (FRIS) years of 2003 and 2008. Empirical results 

indicate positive impacts of UCCE on irrigation efficient production, and water use per 

irrigated acre. The latter result suggests the phenomenon of rise in water use due to 

increased acreage and production, arising from the use of irrigation efficient technology. 

Results indicate that higher farmer age leads to a statistically significant negative impact 

of UCCE’s irrigation information, on irrigation efficient production and water use per 

irrigated acre. A combination of UCCE and at least one other source of irrigation 

information does not have any statistically significant difference in impact on either 

irrigation efficient production, or water use per irrigated acre, compared to only UCCE. 

Policy implications based on better understanding of underlying hydrological systems, can 

improve water savings. Policy prescriptions also include collaboration of UCCE and other 

irrigation information sources, to act as substitutes in the dissemination of irrigation 

information.  
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4.1. Introduction  
 

Climate change, caused by human activities, can potentially alter agricultural systems 

(Parry et al.; 2004). Rising temperatures have been accompanied by shifting patterns in 

precipitation in the west coast of U.S., which affects agricultural output quality (Adams et 

al. 2001). Climate variability is likely to cause volatility in crop yields on a year-to-year 

basis (Southworth et al.; 2000) and increase the risk of producing lower yields for annual 

crops. Production of perennial crops like fruits and nuts is likely to  be affected by climate 

change (Lobell et al.; 2006), with projected losses ranging from 0 to nearly 40 percent, 

depending on the type of crop and the trajectory of climate change. Climate change will 

result in an increased irrigation demand due to the combination of decreased rainfall and 

increased evaporation (Bates et al., 2008) and in a change in water quality which is 

critically important for irrigated agriculture (Masmoudi et al. 2010). Population pressure is 

another factor that will have a profound impact on future water availability (Vörösmarty et 

al. 2000). Climate change is therefore going to have a considerable impact on the 

agricultural sectors on the western coast of U.S.A., especially in the south west, which 

already experiences harsh climatic conditions. California’s agricultural sector, which is 

dependent on irrigation, is therefore going to have to adapt to these changes in the future; 

which raises the issue of sustainable irrigation water usage and therefore, sustainable 

agricultural production.  

The agriculture sector in the western part of U.S is the largest consumer of water for 

irrigation, accounting for 80-90% of human water usage in West Coast. (Olen et al.; 2015). 

California's agricultural sector produces $53.5 billion in total value of receipts in 2014 
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(California Agricultural Statistics Review, 2014-15). Water is one of the main inputs in 

California’s agricultural production. The state at present is in its fifth year of drought, 

which affects agricultural productivity in the short and long run. Therefore with population 

pressure and various climate change effects, it becomes imperative to invest in and improve 

existing research and outreach programs aimed at helping farmers to improve productivity 

and cut irrigation water wastage to make agriculture more sustainable.  

University of California Cooperative Extension (UCCE), which is the extension 

counterpart in California, has been working on research aimed at improving productivity 

and resource use in the state (see Chatterjee et al. (2016) for more information on UCCE). 

Irrigation efficiency has been an important subject in the UCCE disseminated knowledge 

since 1950s (Hayden-Smith and Surls; 2014), when farm advisors started working on 

applying water based on soil and crop type. Each county office has developed and 

implemented irrigation programs over the years, to help farmers with irrigation 

information, such as irrigation requirements for different soil types, and weather conditions 

45. Over time emphasis has been given to water conservation technologies, due to water 

shortage issues in California. Irrigation technologies that reduce water wastage and 

improve yields, like sprinkler and drip irrigation, have been introduced by farm advisors. 

UCCE personnel have been responsible for the introduction of drip irrigation in San Diego 

county (Taylor et al. 2014), which later spread to other parts of the state and the country, 

                                                 
45 All county offices have their own irrigation programs. Some examples include Monterey, Fresno, Tehama, the links 

to which are reported below. 

 http://cemonterey.ucanr.edu/Custom_Program567/ 

http://ucanr.edu/sites/irrigation_and_soils_/ 

http://cetehama.ucanr.edu/Water___Irrigation_Program/ 

http://cemonterey.ucanr.edu/Custom_Program567/
http://ucanr.edu/sites/irrigation_and_soils_/
http://cetehama.ucanr.edu/Water___Irrigation_Program/
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as a water saving irrigation system. According to Taylor et al. (2014), UCCE's efforts in 

implementing drip irrigation in California has been responsible for $78 to $238 million in 

annual water savings. Allen-Diaz (2009) reports that UC-led researchers have developed 

technology that increases drought tolerance in plants, which can help farmers maintain 

productivity as well make irrigation more sustainable. 

University of California and Department of Water Resource have developed a network of 

monitoring stations across the state - the California Irrigation Management Information 

System (CIMIS), which has been operational since 198246, to provide irrigation 

requirement estimates to farmers based on crop evapotranspiration (ET), and other weather 

data. The aim of CIMIS is to ensure that farmers can a) optimize output with technology-

based information on irrigation requirement for specific crops, and b) save energy and 

water cost, and achieve efficient and sustainable usage of water for irrigation 47. According 

to Parker et al. (2000) estimates, statewide benefits outweigh the costs of operating the 

CIMIS, and lead to reduction of water use by nearly 100,000 acre-ft., annually. Parker and 

Zilberman (1996) report that CIMIS information leads to higher gains for farms with 

modern irrigation technologies, and is more effective for high value crops in terms of cost-

benefit considerations. UCCE's efforts towards improving irrigation efficiency has been 

significant in the state of California. Empirical studies aimed at estimating the overall 

impact of UCCE irrigation information on irrigation efficient production and water use are 

rare.  

                                                 
46 http://wwwcimis.water.ca.gov/cimis/welcome.jsp 
47 http://wwwcimis.water.ca.gov/ 

http://wwwcimis.water.ca.gov/cimis/welcome.jsp
http://wwwcimis.water.ca.gov/
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In this paper, we empirically estimate the impact of UCCE as farmers’ source of irrigation 

information on irrigation water use efficiency. Two different variables of irrigation 

efficiency are used as outcome variables – value of irrigation efficient production48, and 

volume of water used per irrigated acre. We choose these two variables, keeping in mind 

UCCE’s role in working towards improved farmer productivity, with reduction in irrigation 

water use. UCCE’s research and outreach work is dedicated to educate farmers regarding 

better agricultural practices to enhance productivity, and to achieve sustainable water use 

through water-saving irrigation systems and practices. Our irrigation efficiency models 

account for on and off-farm water availability, irrigation systems installed in the farm, 

climate, irrigation information sources available, farmland characteristics, and 

demographic characteristics. For the empirical analysis we use farm level data collected by 

United States Department of Agriculture (USDA) for the Farm and Ranch Irrigation 

Survey (FRIS). This data set is arguably the most comprehensive irrigation information 

data collected in the country. The results of our analysis shed light on the relationship 

between UCCE and other factors on irrigation efficient production as well as irrigation 

water use decision of an average farmer in California. We also estimate the impact of 

farmer age on adoption of irrigation knowledge disseminated by UCCE. This paper 

contributes to the literature by providing evidence of the level of contribution of UCCE 

towards irrigation efficiency in the state. Our aim is to help policy makers and private 

research entities making resource allocation decisions for California in the future.   

                                                 
48 Measured by average value of agricultural output per irrigated acre ($/acre). 
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The remainder of the paper is organized as follows: section 2 outlines the econometric 

methodology, followed by data description, and summary statistics. Section 3 analyzes the 

empirical results. We end the paper with conclusion and policy implications in section 4. 

4.2. Empirical Model and Data 
 

4.2.1 Empirical Model 
 

 

We use two variables to represent farmers’ irrigation water use efficiency: irrigation 

efficient production and water use per irrigated acre. We estimate the impact of UCCE 

disseminated irrigation knowledge, and other important factors, on each of these two 

variables. For the empirical analysis, the two different outcome variables used to estimate 

the impact of UCCE on irrigation water use efficiency are:  i) value of agricultural 

production per irrigated acre, and ii) total volume of water applied per irrigated acre of 

farm land. Productivity is measured by yield per acre (Datt and Ravallion; 1998), and it 

includes both irrigated and unirrigated acre. We extend the notion of productivity; we 

include only irrigated acres and denote yield per irrigated acre as irrigation efficient 

productivity. Yield of different crop types are measured in different units; therefore, to 

bypass the computation issue, we multiply the yields with prices of each crop, to obtain the 

dollar equivalent value for each crop. All individual values are then aggregated, to create 

the total value of agricultural output for each farmer in our data set. Since we consider two 

different periods of time, five years apart from each other, part of the difference in value 

of agricultural sales between the two periods is due to difference in output prices brought 

about by inflation, and not necessarily rise in agricultural productivity. Guiteras (2009) 
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addresses this issue of price changes over time by using a constant price to calculate the 

value of agricultural output for different time periods. Variation in the resulting variable 

captures the change in average value of output resulting from change in yields, and not 

prices. We follow this methodology in our analysis to eliminate the impact of inflation on 

value of agricultural output; and obtain the impact of UCCE on irrigation efficient 

production.  

The empirical model for irrigation efficient production described above represents farm 

level value of agricultural output per irrigated acre P as a function of: i) variables 

representing water availability A, ii) irrigation system in the farm I , iii) climate C, iv) 

irrigation information system U, v) farmland characteristics O, and vi) farmer 

demographics D. The model in its general form is represented by: 

𝑃𝑖𝑡 = 𝑓(𝐴𝑖𝑡, 𝐼𝑖𝑡, 𝐶𝑖𝑡, 𝑈𝑖𝑡, 𝑂𝑖𝑡, 𝐷𝑖𝑡)               (1) 

 

where i = 1,…..,I indexes farms, and t = 2008, 2013, indexes time.  

The second model is a farm level model representing water use for irrigation, per acre of 

irrigated land. The covariates remain the same as in equation 1, but the dependent variable 

in this case is V, representing water usage per irrigated acre. The general form model is: 

𝑉𝑖𝑡 = 𝑓(𝐴𝑖𝑡, 𝐼𝑖𝑡, 𝐶𝑖𝑡, 𝑈𝑖𝑡, 𝑂𝑖𝑡, 𝐷𝑖𝑡)         (2) 

 

UCCE’s irrigation scheduling services and outreach programs to encourage farmers to 

install water-saving irrigation systems are aimed at reducing irrigation water usage. These 

efforts have led to considerable amounts of water savings in California, according to Taylor 



70 

 

et al. (2014), and Parker et al. (2000). Therefore we expect that the irrigation information 

provided by UCCE will have a negative correlation with water use per irrigated acre, since 

the aim of the efforts is to produce more crops with less water use.   

Water availability variables represented by vector A include two variables; well depth of 3 

primary wells pumped from the farm, and cost of off-farm surface water per irrigated acre. 

On-farm water availability is directly correlated with well-depth, and cost of obtaining 

groundwater is a function of well-depth (Caswell and Zilberman; 1986). We include a 

square term of well-depth to understand how rising well-depth will impact irrigation 

efficient production, and water use. Cost of off-farm water is an economic indicator of the 

farm’s water availability. These variables are likely to affect a farmer’s decision of 

irrigation efficient production and water use. 

The vector I includes indicator variables for each existing irrigation system used by 

farmers; these include gravity, sprinkler and drip, trickle and sub-irrigation systems. The 

indicator variables measure whether the farmer used the said irrigation system on the farm. 

Gravity system, which is known to be water-inefficient, has been the traditional and 

preferred method of irrigation system in the last century. Gravity systems involve flooding 

of the crop field with water and is more efficient in farm lands with higher retention 

capacities. Whereas in porous soil it leads to wastage of water. Given the high demand of 

irrigation water in the south western states, and especially in California due to reduced 

precipitation and long droughts, there has been a big push from the government to generate 

awareness among farmers, and to make them adopt more water conserving irrigation 
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methods. Although still a popular method of irrigation, gravity system has been partially 

replaced by more water-efficient systems like sprinkler and drip irrigation systems. 

Sprinkler and drip irrigation methods involve more focused irrigation application, and 

consequently less wastage; the former saves around 10 to 35 percent of the applied water 

through increased application efficiency, compared to gravity systems (Negri and Brooks; 

1990). Irrigation efficiency of sprinkler irrigation amounts to about 85 percent, according 

to Caswell and Zilberman (1985). Taylor et al. (2014) provide a historical time line to the 

introduction and popularization of drip irrigation system in the U.S.; since its introduction 

in the late 60’s in San Diego, drip irrigation has been responsible for approximately 12 

percent savings in agricultural water use in the state of California.  

Climate plays an important role in irrigation use efficiency and is represented by the vector 

C. We introduce county level temperature and precipitation as covariates. Quadratic terms 

for each are introduced to capture second order effects (Schuck and Greene; 2001). 

Indicator variables representing farm level frost control and heat control measures are also 

included in C; these measures are implemented by farmers to account for local weather 

changes, which affect irrigation water use efficiency decisions.  We find evidence of frost 

damage on vegetables, such as potatoes (Grewal and Singh; 1980), and heat damage for 

field crops, such as alfalfa (Li et al.; 2013) and maize (Hatfield and Prueger; 2015). 

Therefore, measures to control heat and frost damage likely affect both irrigation efficient 

productivity as well as water use and hence, are included as covariates in our model.  
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Irrigation information systems, represented by vector U, play an important role in 

educating farmers about environmental issues such as climate change and resource 

availability, and provide solutions to deal with these issues. The irrigation information 

system included in our model is UCCE, our covariate of interest; it enters the model as a 

dichotomous variable indicating whether the source of irrigation information for the farmer 

is UCCE. It has been the most important source of freely available information for 

California farmers and we expect to see positive impact of UCCE on both our variables of 

irrigation use efficiency.  

Caswell and Zilberman (1986) mention that land quality, captured by our farmland 

characteristics (O) variables, is an important factor in farmer’s irrigation choice problem; 

hence it has bearing on irrigation efficient production and volume of water applied. In this 

vector, we include variables such as suitability of crops, and salinity of the soil.  Crop 

suitability is measured by the inclusion of dummy variables for different crop types, which 

indicate if the farm produced and harvested them. And soil salinity is captured through a 

dummy variable that indicates whether the farmer used irrigation water for leaching the 

soil of salts 49.  

Farmer demographic variables (D) include farmer age, primary occupation of the farmer, 

whether the operation has a hired manager, and farmer experience. Dinar and Yaron (1990) 

report that older farmers with more experience are less likely to implement water-saving 

                                                 
49 Leaching the soil of salts is important in Central Valley agriculture, and may not necessarily be used 

everywhere in California. However since Central Valley and other regions like San Diego are important 

contributors to California’s agriculture, it has been included as an independent variable.  
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methods in their operations. Many empirical studies support the hypothesis that land 

ownership encourages adoption, but there are studies that report results contradicting this 

hypothesis. Bultena and Hoiberg (1983) found no support for the hypothesis that land 

tenure has a significant influence on adoption of conservation tillage. Farmer experience is 

the final demographic variable in the model. Years of experience can lead to greater 

understanding of the production process; it can also establish social networks, which enable 

higher farmer awareness of available technology in the agricultural sector. Experience has 

the potential of enhancing farmer productivity (Kalirajan and Shand; 1985) and social 

networks affect productivity as well as adoption of technology (Birkhaeuser et al.; 1991). 

We include these variables as important factors influencing irrigation decisions. Interaction 

terms between UCCE and farmer age are also included in our econometric model, to test 

the hypothesis that older farmers are less likely to adopt new knowledge and technology 

imparted by UCCE. 

The econometric models we estimate for equations 1 and 2 are the following: 

𝑃𝑖𝑡 = 𝛼1 + 𝛽1𝐴𝑖𝑡 + 𝛽2𝐼𝑖𝑡 + 𝛽3𝐶𝑖𝑡 + 𝛽4𝑈𝑖𝑡 + 𝛽5𝑂𝑖𝑡 + 𝛽6𝐷𝑖𝑡 + 𝛽7(𝑈𝐶𝐶𝐸𝑖𝑡 ∗ 𝐴𝑔𝑒𝑖𝑡) + 𝛾𝜃𝑗 +  𝛿𝜆𝑡 + 휀𝑖𝑡       (3) 

  

𝑉𝑖𝑡 = 𝛼2 + 𝜌1𝐴𝑖𝑡 + 𝜌2𝐼𝑖𝑡 + 𝜌3𝐶𝑖𝑡 + 𝜌4𝑈𝑖𝑡 + 𝜌5𝑂𝑖𝑡 + 𝜌6𝐷𝑖𝑡 + 𝜌7(𝑈𝐶𝐶𝐸𝑖𝑡 ∗ 𝐴𝑔𝑒𝑖𝑡) + 𝛾𝜓𝑗 +  𝛿𝜑𝑡 + 휀𝑖𝑡       (4) 

 

In the two above models we include county and year fixed effects to control for factors 

common across counties and the two years under consideration in the analysis. We consider 

clustered standard errors εit at the county level because our climate variables vary at the 

same level of aggregation.  
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4.2.2 Data  
 

4.2.2.1 Farm and Ranch Irrigation (FRIS) data 
 

 

For the empirical analysis, we use the Farm and Ranch Irrigation Survey (FRIS) for 

information on farm level irrigation methods, water application from different on-farm and 

off-farm sources, acres irrigated and harvested for each crop, irrigation costs, sources of 

information on irrigation methodologies, and farmer demographics. This survey was 

introduced as a complimentary study to the Agricultural Census by USDA, to obtain further 

information on farmers’ irrigation decisions based on their location, available water 

sources, and available irrigation options and costs. FRIS was first implemented in 1979, 

and is carried out on a 5 year basis, usually the year following the Agricultural Census. The 

survey is sent out to a sample of farmers who indicate on the Agricultural Census survey 

that they used irrigation on their farm. It is the most comprehensive country-wide census 

on irrigation practices employed by farmers. FRIS data is published at the aggregated state 

level; we obtained farm level data for our analysis, from the USDA NASS Pacific 

headquarters in Sacramento.  

A survey question to identify the farmer’s source of irrigation information was introduced 

in the FRIS in the year 1994. To answer the question, farmers are provided with a number 

of options to choose from, one of which is “extension agents or university specialists”; we 

use this indicator  variable as the variable representing the presence and influence of 

cooperative extension (UCCE), our independent variable of interest. For the empirical 

analysis, we use farm level FRIS data for the years 2003 and 2008, which include data on 
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irrigation practices as well as farm and farmer demographics50. The data set represents a 

repeated cross section of farmers in California, for the two census years.  

The survey contains information on average crop yields per irrigated acre for a group of 

field and vegetable crops, including corn (all types, including grain or seed, and silage or 

green chop), sorghum, wheat (grain or seed), barley (grain or seed), beans (dry, edible), 

rice, alfalfa and alfalfa mixtures, hay, sugar beets, cotton, and vegetables such as potatoes, 

lettuce, tomatoes, and sweet corn. However, it excludes this information on all berries, 

fruits and nuts, and pastureland production per irrigated acre, which therefore excludes 

these crops from the first part of our analysis. Hence, our value of agricultural output 

includes field crops and vegetables.51 The issue of aggregating outputs of a variety of crops 

measured in different units has been addressed by multiplying each with corresponding 

price per unit of crop output. The data on crop prices has been obtained from the 2003 

California Agricultural Statistics52, published by the United States Department of 

Agriculture (USDA) National Agricultural Statistics Service (NASS). The average crop 

output per irrigated acre for both years 2003 and 2008 were multiplied by the 2003 prices 

to obtain the inflation-adjusted dollar amount of average value of agricultural output per 

irrigated acre – the dependent variable of interest in equation (3). Figure 4.1. shows the 

                                                 
50 We obtained data for all FRIS years except 1979; but we were unable to use all censuses since 1994, which 

include the question to identify farmers’ source of irrigation information. This is because the FRIS data sets 

did not include farmer demographic variables. 

 
51 The exclusion of fruit and nut crops from the analysis is a caveat of this paper, given the importance of 

these crops in California’s agricultural receipts. This will be a future project. 
52 

https://www.nass.usda.gov/Statistics_by_State/California/Publications/California_Ag_Statistics/Reports/20

03cas-all.pdf 

https://www.nass.usda.gov/Statistics_by_State/California/Publications/California_Ag_Statistics/Reports/2003cas-all.pdf
https://www.nass.usda.gov/Statistics_by_State/California/Publications/California_Ag_Statistics/Reports/2003cas-all.pdf
https://www.nass.usda.gov/Statistics_by_State/California/Publications/California_Ag_Statistics/Reports/2003cas-all.pdf
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distribution of the values in our sample of 1953 observations. 55 percent of the farmers 

report average value of output per acre of irrigated land within the range of $0-500, 11 

percent within the range $500-1,000, 11 percent within the range $1,000-2,000, and 9 

percent in $20,000-40,000. Only 0.6 percent farmers lie in the range of $40,000-70,000  

which is the highest range in our sample.  

 

Figure 4.1. Distribution of average value of agricultural output per irrigated acre   

 

 
 

 

FRIS includes information on total volume of water used for irrigation from all on-farm 

and off-farm sources, measured in acre-foot. The aggregated total volume of irrigation 

water is divided by total number of irrigated acres, to obtain our dependent variable for 

estimating equation (4), i.e., water use per irrigated acre. Distribution of the values of total 
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volume of water (acre-foot) per irrigated acre is presented by Figure 4.2. Twenty nine 

percent of the sample lie within the range of 0-1 acre-ft./acre, followed by 27 percent in 

the range of 2-3 acre-ft./acre. The highest range in our sample is 11-12 acre-ft./acre, which 

has only two observations53.  

 

Figure 4.2. Distribution of the values of total volume of irrigation water applied per 

irrigated acre 

 

 
 

 

UCCE is included as one of nine different sources for irrigation information in the FRIS. 

Farmers are asked to choose their source(s) of irrigation information from the list of all the 

sources. Figure 4.3. reports the number of farmers who choose each of the different sources 

to obtain their information on irrigation. We find that nearly 33 percent of the sample of 

farmers indicate UCCE as a source of irrigation information. The most popular (35 percent) 

source of irrigation information, as indicated by farmers, is neighboring farmers. 27 percent 

                                                 
53 Crops for which reported irrigation water usage is above 10 acre-ft. per irrigated acre, include field crops 

like alfalfa, hay, wheat, pasture and vegetable crops.    
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have indicated hired private irrigation specialists or crop consultants as their source of 

information.54  

 

Figure 4.3: Farmer irrigation sources by type and number of users  

 

 
 

Gravity is the most popular system of irrigation technologies in the U.S. Other notable 

systems include sprinkler, drip, trickle, and subirrigation systems. We include three 

different systems from the survey data; a) gravity, b) sprinkler, and c) drip, trickle and 

subirrigation systems. Farmers in the data set either exclusively use a single system, or 

some combination of the available irrigation systems. Nearly 31 percent indicate gravity 

as the only irrigation system installed in their operation, 7 percent indicate only sprinkler, 

                                                 
54 The survey does not include information on whether UCCE was the main source of information of a farmer. 

Therefore there could be some over estimation of the impact of UCCE. However through our interactions 

with UCCE officials it was revealed that UCCE’s publicly available information is used by other private 

agencies, which reduces the chances of a very large overestimation of the coefficient of UCCE in our analysis.  

636(35%)

536(27%)

429(22%)

356(18%)

240(12%)

275(14%)

685(35%)

214(11%)

125(6.4%)

0 100 200 300 400 500 600 700 800

UCCE

Private irrigation specialists

Equipment dealers

Local irrigation district employees or…

Government specialists

Media reports

Neighboring farmers

Electronic information services

Others

Number of farmers

So
u

rc
es

 o
f 

ir
ri

ga
ti

o
n

 in
fo

rm
at

io
n



79 

 

12 percent indicate only drip, trickle and subirrigation, and 7 percent indicate some 

combination of all 3 systems.  

Information on cost of off-farm water, and average well depth is recorded for each farm in 

the FRIS data set.55 Higher cost of off-farm water is indicative of scarcity of water, as is 

high levels of well depth. Off farm water cost has been converted to constant 2003 USD 

for the analysis, and divided by total number of irrigated acres reported by the farm. For 

the construction of the variable representing well depth, we calculate the mean of the three 

major wells which were reported for irrigation purposes by the farm. The unit of 

measurement of well depth is feet.  

Irrigation water is used as crop freeze and heat mitigation mechanisms in California’s 

agriculture. Freeze damage of vegetable and fruit crops leads to loss of output (Carman and 

Sexton; 2007), and therefore, mitigation mechanisms are employed to minimize the loss. 

Harsh weather conditions, and low precipitation rates in agriculturally important regions 

like the San Joaquin and Imperial Valley, need control and mitigation mechanisms, which 

have bearing on farmers’ irrigation decision. We include indicator variables representing 

farmer’s usage of irrigation water for each mechanism as indicators of weather conditions 

(Olen et al.; 2015). For our sample, 13 percent of the farmers report using irrigation water 

for freeze control and mitigation measures, and 7 percent for heat mitigation and crop 

cooling measures.  

                                                 
55 There is no information in FRIS on the quantity of riparian water farmers are using.  
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FRIS collects data on farmer’s crop choice, average output per irrigated acre, and irrigated 

acres harvested for all crops grown on the farm. Farmer’s crop choice is in indicator of 

suitability of the crop to the soil type. We use the data on irrigated acres harvested, to create 

indicator variables representing types of crops grown on the farm. We generate these 

variables for a number of crop types; these include all fruit and nut crops, vegetables, corn, 

wheat, alfalfa, hay, and pasture. Thirty eight percent of the farmers indicate harvesting fruit 

and nut crops, followed by alfalfa, indicated by 29 percent. Twenty one percent indicate 

growing vegetables, 19 percent wheat, 17 percent corn, 14 percent hay, and 9 percent 

indicate growing pasture. Soil salinity is another indicator for soil quality, and remains an 

important issue in California’s agriculture. It is especially important for the agricultural 

production in the San Joaquin Valley and Imperial Valley region (Letey; 2000), and 

threatens output. Using irrigation water for leaching the soil of salts is common practice, 

and likely impacts farmers’ irrigation decision. We use a dichotomous variable 

representing usage of irrigation water for leaching (salinity control) as an indicator of soil 

quality of the farm. In our sample, 6 percent of the farmers report using irrigation water for 

salinity control.  

Farmer demographic variables included in the model are farmer age, tenure type (whether 

primary occupation of the operator is farming), and type of operation represented by 

whether the principal manager of the operation is a hired manager. Fifty-eight percent of 

the farmers are in the age groups of 45 to 65 years for the sample, as observed in Figure 

4.4. Thirteen percent are in the range of 49-53 years, followed by 12 percent in each of the 

groups of 53-57 and 57-61 years. Eleven percent are in the group of 45-49 years, and 10 
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percent in 61-65 years. Observations decline on both sides of the above mentioned ranges, 

with the least number of farmers in the highest and lowest age groups. Nearly 86 percent 

of farmers report themselves as “farm or ranch operators”, and 18 percent report the 

principal manager as the hired manager of the operation. Forty six percent of farmers 

indicate having less than 40 years of experience; 39 percent indicate 20 years or less of 

experience; 13 percent indicate less than 60 years, followed by nearly 2 percent who 

indicate having above 60 years of farming experience.  

 

Figure 4.4. Frequency distribution of farmers by age 

 

 
 

 

4.2.2.2. National Oceanic Atmospheric Administration (NOAA) Data on 
Precipitation and Temperature  
 

 

Data on average monthly precipitation and temperature for our study is collected from 

NOAA, for all active weather stations in California. This data is used to create annual 
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averages for each weather station. Then, these stations are matched to the counties in our 

sample following Burgess et al. (2011). County level weighted annual average temperature 

and precipitation variables are generated using a weighted average formula; the weights 

are the inverse of the distance between a station and centroid of a county, for all stations 

within 50 miles of the centroid.56 

4.2.2.3. Summary Statistics  
 

 

Table 4.1. reports the summary statistics and description of the variables included in the 

empirical analysis.57  On average, about 2 acre-ft. of water is applied per irrigated acre in 

our sample. Mean of the variable representing average output per irrigated acre is nearly 

$4,10058. Average off-farm water cost amounts to $39. Average well depth is 63 ft., with 

a maximum of 727 ft. The average precipitation and temperature values are 1.3 inches and 

62 degrees F respectively. The average farmer age is nearly 57 years, comparable to the 

national figure of about 58 years.59 Farmer experience, represented by the number of years 

the farmer has been working on the farm equals 25 years, with a maximum being 73 years.  

                                                 
56 NOAA data does not include information on growing degree days for California counties, which is why 

we have used the following temperature and precipitation variables, following the literature.  
 
57 The data set consists of 1953 observations for all variables for all except farmer age and experience, which 

have 36 missing observations. The summary statistics are calculated for all observations in the data, for each 

variable.  

 
58 The mean value of average agricultural output per irrigated acre is about 4 times that for the values we 

obtained from the agricultural census in Chapter 2. There could be two possible explanations for this, a) 

irrigated acres is less than total acres, which reduces the value of the ratio of output to acreage, and b) 

according to USDA, FRIS has a higher chance of sampling the bigger farmers with higher output per irrigated 

acre.   

 
59 Census of Agriculture highlights, 2012. 

https://www.agcensus.usda.gov/Publications/2012/Preliminary_Report/Highlights.pdf 

https://www.agcensus.usda.gov/Publications/2012/Preliminary_Report/Highlights.pdf
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Table 4.1. Variable description and Summary statistics  

 
Variable Mean Standard 

Deviation 

Minimum Maximum Description 

      

Average value of output 

per irrigated acre 

4094.83 9383.69 0 60449.1 Inflation-adjusted $ value of average crop output per irrigated acre 

($/acre) 

Total applied water per 

irrigated acre 

2.35 1.84 0 11.97 Total volume of water applied from all sources (acre-foot), per 

irrigated acre of farm land (acre-ft./acre) 

UCCE 0.33 0.47 0 1 Dummy variable indicating if the source of irrigation information for 

the farmer was cooperative extension 

Off farm water cost per 

acre 

38.8 135.98 0 3147.07 Total cost of water per acre, for all off-farm sources (constant 2003 

USD) 

Average well depth 63.30 100.24 0 726.67 Average well depth of 3 major wells used for irrigation by the 

operation (feet)  

Only gravity system 0.31 0.46 0 1 Dummy variable indicating if the farm used only gravity system for 

irrigation  

Only sprinkler system 0.07 0.26 0 1 Dummy variable indicating if the farm used only sprinkler system for 

irrigation  

Only drip, trickle and sub-

irrigation 

0.12 0.32 0 1 Dummy variable indicating if the farm used only drip trickle or 

subirrigation system for irrigation  

All irrigation systems 0.07 0.25 0 1 Dummy variable indicating if the farm used some combination of all 

three systems for irrigation  

Frost mitigation 0.13 0.34 0 1 Dummy variable indicating whether the farm used irrigation water 

for frost mitigation  

Heat mitigation 0.06 0.23 0 1 Dummy variable indicating whether the farm used irrigation water 

for crop cooling, or heat mitigation 

Mean annual precipitation 1.29 0 .69 0 .21 4.30 Weighted mean annual county precipitation (inch) 

Mean annual temperature 61.90 4.44 44.98 75.30 Weighted mean annual county temperature (degree F) 

Leaching 0.06 0.24 0 1 Dummy variable indicating whether the farm used irrigation water 

for leaching the soil of salts 

Fruit and Nut crops 0.38 0.49 0 1 Dummy variable indicating whether the farm harvested fruit and nut 

crops  

Corn 0.17 0.37 0 1 Dummy variable indicating whether the farm harvested corn 

Vegetables 0.21 0.40 0 1 Dummy variable indicating whether the farm harvested vegetables 

Wheat 0.19 0.39 0 1 Dummy variable indicating whether the farm harvested wheat  

Alfalfa 0.29 0.45 0 1 Dummy variable indicating whether the farm harvested alfalfa  

Pasture 0.09 0.28 0 1 Dummy variable indicating whether the farm harvested pasture  

Hay 0.14 0.35 0 1 Dummy variable indicating whether the farm harvested hay  

Farmer age 57.10 12.70 17 96 Farmer Age (years) 

UCCE*farmer age 18.42 27.56 0 96 Interaction between UCCE and farmer age  

Principal occupation 

farmer 

0.87 0.33 0 1 Dummy variable indicating whether the operator’s principal 

occupation is farming or ranching 

Hired manager 0.18 0.39 0 1 Dummy variable indicating whether the principal operator is a hired 

manager 

Farmer experience 24.87   14.25 1 73 Farmer experience, represented by number of years the farmer has 

been working on the farm 
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4.2.2.4. Relationship between farmer age and UCCE information 
adoption, and the combined impact on irrigation efficient production and 
water use per irrigated acre 
 

 

To understand the impact of UCCE, we try to understand which group of farmers utilize 

the irrigation information, and how this information, in turn, impacts their irrigation water 

use efficiency. For this, we break the data up into two groups – the first consisting of those 

who report UCCE as a source of irrigation information, and the second of those who do 

not report UCCE as their source. For each of the two groups, we calculate the mean of our 

outcome variable, for each value of age in our sample. We do this exercise for both our 

impact variables of interest, namely, average value of output per irrigated acre, and total 

volume of water applied per irrigated acre. Figures 4.5. and 4.6. report our observations, 

respectively.  

In Figure 4.5., we observe that on an average, farmers of all ages who report UCCE as a 

source of irrigation information have a higher average value of output per irrigated acre, 

and hence greater irrigation efficient production. The gap in efficiency between users and 

non-users of UCCE information is higher for younger farmers, gradually diminishes for 

older farmers, and finally converges for the oldest farmers in the sample. Average value of 

output per irrigated acre is a diminishing function of age according to the data, much like 

the empirical results reported by Tauer (1995). According to that study, farmer productivity 

generally increases, and then decreases with age; farmers of different ages display different 

efficiencies in utilizing the existing technology. We also observe similar trends in Figure 

4.5.; the output per irrigated acre values for age groups 17-40 years are lower on an average, 
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for both users and non-users of UCCE information.  For age groups 45-65, the values go 

up, and then around 70 years they start declining.  

 

Figure 4.5. Mean value of agricultural output per irrigated acre for each farmer age, for 

users and non-users of UCCE irrigation knowledge 

 

 
 

In Figure 4.6., we observe that farmers of all ages who report themselves as users of UCCE 

information on an average use more irrigation water per irrigated acre than the reported 

non-users. The gap between users and non-users is lower for older producers. Compared 

to non-users of UCCE data, users employ nearly an additional 1 acre-ft. per irrigated acre.  

Crop specific water requirements can be a possible reason behind this phenomenon. From 

the data, we observe that 17 percent of farmers who use UCCE information, harvest fruit 

and nut crops, field crops and vegetables; 33 percent harvest both vegetables and field 

crops, and 9 percent use their land as pastureland. Since field crops in general have higher 
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water requirement, the higher percentage of farmers who harvest them can raise the average 

water usage for all age groups. This discussion also raises the issue of trade-off between 

water use and farmer revenue and productivity.  

In the empirical estimation process, controlling for crop types addresses the issue of crop 

mix and its effect on water use; this allows us to estimate the impact that UCCE has on 

irrigation efficient production and water use per irrigated acre.  

 

Figure 4.6. Mean value of irrigation water usage per irrigated acre for each farmer age, 

for users and non-users of UCCE irrigation knowledge 
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4.3. Empirical Results 

4.3.1. Impact of UCCE irrigation information on irrigation efficient 
production 
 

In Table 4.2., we report the regression coefficients of the model represented by equation 

(3), where the dependent variable is the average value of output per irrigated acre. UCCE 

information on irrigation (represented by U in equation 3) has a positive, statistically 

significant impact of $3,035 on average value of output per irrigated acre. This increment 

amounts to 74 percent of the mean for the sample. With increasing farmer age, UCCE 

knowledge has a significant negative impact of $53.22. This result hints towards age related 

difference in the degree of implementation of available knowledge, as Tauer (1995) and 

Tauer and Lordkipanidze (2000) suggest. The difference in irrigation efficient production 

between younger and older farmers can be explained by differences in implementation of 

the prescribed methods. Among the farm level water availability variables A in our model, 

we do not observe any significant impact of off-farm surface water cost per irrigated acre 

or well depth.  

Among the irrigation systems I variables, we do not observe positive coefficient for any of 

the standalone irrigation systems.60 Only sprinkler as a standalone irrigation system has a 

significant negative impact of $1,864 on farm level irrigation efficient production, whereas 

a combination of all three systems has a significant positive impact of $3,091. Sprinkler 

system may suffer from water wastage due to evaporation in regions of high temperatures, 

                                                 
60 All the coefficient estimates for the I variables are to be interpreted as comparisons to two baseline cases 

of ‘no irrigation system’, and ‘combination of two irrigation systems’. 
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and raise water cost, which may render this coefficient. The high, statistically significant 

positive impact of the combination of all systems has important implications. This implies 

that an efficient, cost effective system that combines all irrigation systems is beneficial for 

irrigation efficient production, enhancing farm level average value of output per irrigated 

acre. Climate variables in our vector C that are significant are those for frost and heat 

control. Channeling irrigation water to deal with frost damage has a negative impact of 

nearly $965. Although this seems counter intuitive, frost mitigation measures could have 

been responsible for diminishing an even bigger loss for farmers.61 On the other hand 

irrigation water usage for heat mitigation adds a statistically significant positive amount of 

$1,563 to average value of output per irrigated acre. Both weighted mean temperature and 

precipitation have positive impacts, but the coefficients are not significant from zero. The 

quadratic terms are not significant as well. In the category of farmland characteristics 

variables O, vegetables, corn and hay production have positive significant coefficients of 

$15,906, $1,362 and $569 respectively. Therefore, vegetable production has the highest 

returns to farmer income. Farmer demographic variables D are not statistically significant. 

The sign for farmer age is negative, which corroborates the data shown in Figure 4.5. 

Tenure characteristics like principal occupation, hired manager, and experience on the farm 

do not impact irrigation efficient productivity significantly.  

 

 

 

                                                 
61 This implies that the negative regression coefficient is not because frost mitigation measures lead to a fall 

in output; but the negative correlation is due to frost damage of an even bigger magnitude which may have 

been partially reduced by the use of frost mitigation measures.  
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Table 4.2. Coefficient estimates for model with value of agricultural products per 

irrigated acre as dependent variable. 
Dependent variable  

Total value of agricultural output per irrigated 

acre 

Coefficient estimates 

  

UCCE 3,035* 

 (1,628) 

UCCE*farmer age -53.22** 

 (24.91) 

Farmer age -6.79 

 (61.60) 

Farmer age squared 0.11 

 (0.49) 

Off farm water cost per acre 1.63 

 (1.10) 

Average well depth 2.45 

 (4.80) 

Average well depth squared 0.0005 

 (0.007) 

Only gravity system -9.63 

 (392.8) 

Only sprinkler system -1,864*** 

 (471.4) 

Only drip, trickle and sub-irrigation -402.7 

 (399.5) 

All irrigation systems 3,091** 

 (1,180) 

Frost mitigation -964.5* 

 (505.8) 

Heat mitigation 1,563** 

 (689.1) 

Leaching -390.9 

 (876.6) 

Mean annual precipitation 2,078 

 (1,588) 

Mean annual temperature 358.4 

 (1,212) 

Mean annual precipitation square -353.6 

 (263.3) 

Mean annual temperature square -0.70 

 (8.90) 

Vegetables 15,906*** 

 (1,855) 

Corn 1,362** 

 (516.8) 

Wheat 660.3 

 (697.5) 

Alfalfa -28.00 

 (1,016) 

Pasture -580.4 

 (441.9) 

Hay 569.0* 

 (287.0) 

Principal occupation farmer -0.51 

 (357.0) 

Hired manager -57.82 

 (422.0) 

Farmer experience -3.99 

 (10.08) 

Constant -20,570 

 (40,222) 

  

Observations 1,917 

R-squared 0.613 

County FE YES 

Year FE YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

4.3.2. Impact of UCCE on irrigation water use per irrigated acre 
 

Table 4.3. reports the regression coefficients for the model (equation 4) with total volume 

of water applied per irrigated acre (acre-ft./acre) as the outcome variable. We observe that 
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UCCE information has a positive significant impact of 1.17 acre-ft./irrigated acre on 

irrigation water use. This impact of UCCE amounts to nearly 50 percent of the mean water 

use per irrigated acre for the sample. With increasing farmer age, UCCE irrigation 

information has a significant negative impact of 0.01 acre-ft./acre. Therefore, this implies 

that older farmers who are users of UCCE information tend to use less water per irrigated 

acre. Among water availability variables A, off-farm water cost per irrigated has no 

statistically significant impact on water use per irrigated acre. This result indicates that 

surface water is considered as a quantity rationed input, and therefore, marginal changes in 

price do not lead to alteration of farmer irrigation decisions or conservation, as reported by 

Moore and Dinar (1995). Average well depth has a small, significant positive effect of 

0.006 acre-ft./irrigated acre on water usage62. We observe a significant negative coefficient 

of 1.04e-05 acre-ft./irrigated acre for the quadratic term for average well depth, indicating 

decreasing marginal returns of the variable. Therefore rising well depth discourages water 

use, but does not impact average output per irrigated acre. Standalone irrigation systems 

all have significant impacts on water use/ per irrigated acre. Gravity system leads to the 

highest positive impact on water use, at 1.33 acre-ft./irrigated acre, followed by sprinkler 

at 0.46 acre-ft./irrigated acre, and drip, trickle and subirrigation at 0.38 acre-ft./irrigated 

acre.  

 

 

 

                                                 
62 There could be possible endogeneity here from the fact that richer farmers can dig deeper. With more 

detailed data on farmer income, this issue can be addressed.  
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Table 4.3. Coefficient estimates for model with total water applied per irrigated acre as 

the dependent variable.  

 
Dependent variable  

Total water applied (acre-ft.) per acre of 

irrigated land 

Coefficient estimates 

  

UCCE 1.17*** 

 (0.33) 

UCCE*farmer age -0.014** 

 (0.006) 

Farmer age 0.007 

 (0.02) 

Farmer age squared -4.49e-05 

 (0.0002) 

Off farm water cost per acre 0.0009 

 (0.0006) 

Average well depth 0.006*** 

 (0.0008) 

Average well depth squared -1.04e-05*** 

 (2.10e-06) 

Only gravity system 1.33*** 

 (0.13) 

Only sprinkler system 0.46*** 

 (0.16) 

Only drip, trickle and sub-irrigation 0.38** 

 (0.16) 

All irrigation systems 0.07 

 (0.16) 

Frost mitigation 0.24** 

 (0.11) 

Heat mitigation 0.15 

 (0.13) 

Leaching 0.16 

 (0.15) 

Mean annual precipitation -0.07 

 (1.14) 

Mean annual temperature -0.43 

 (0.47) 

Mean annual precipitation square -0.02 

 (0.22) 

Mean annual temperature square 0.004 

 (0.004) 

Fruit and Nuts 0.75*** 

 (0.09) 

Vegetables 0.65*** 

 (0.10) 

Corn 0.09 

 (0.16) 

Wheat 0.05 

 (0.09) 

Alfalfa 0.63*** 

 (0.14) 

Pasture 0.43*** 

 (0.16) 

Hay 0.44*** 

 (0.16) 

Principal occupation farmer -0.14 

 (0.11) 

Hired manager -0.11 

 (0.10) 

Farmer experience 0.001 

 (0.003) 

Constant 12.75 

 (14.83) 

  

Observations 1,917 

R-squared 0.508 

County FE YES 

Year FE YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
 

 

These results are intuitive because gravity system is known to be the most water intensive 

irrigation system and leads to the most water usage out of the three systems under 
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consideration. According to our results sprinkler systems lead to more irrigation water use 

compared to drip, trickle and subirrigation systems. The additional water usage could be 

due to loss of water via evaporation from the plant surface. A combination of all three 

irrigation systems does not have any significant impact on water usage/irrigated acre. 

Therefore, our results imply that not only does the combination of irrigation systems have 

no significant incremental impact on water use per irrigated acre, it also has a positive 

impact on irrigation efficient production. This may have important implications in terms 

of policy decisions.  

Among climate variables included in the vector C, mean temperature and precipitation do 

not have statistically significant coefficients63.We find a positive significant coefficient of 

0.24 acre-ft./irrigated acre, for irrigation water used for frost mitigation. Fruit and nut 

crops, alfalfa, vegetables, pasture and hay have significant positive increase on water 

use/irrigated acre by 0.75, 0.63, 0.65, 0.43 and 0.44 acre-ft./irrigated acre respectively.  

We  observe a reduction in water usage/irrigated acre with increasing farmer age, when 

farmers indicate UCCE as the source of irrigation information. To capture the differential 

impact of increasing farmer age on water usage, we have broken up the farmer ages into a 

number of groups, which are, less than 40, 40-50, 50-60, 60-70, 70-80, and above 80. We 

interact the dummy variable representing the age group in which each observation lies, 

with the dummy variable representing UCCE as the information source. We estimate the 

                                                 
63 The signs for precipitation, temperature, and their square terms are intuitive; those for precipitation indicate 

that water use will reduce with increasing precipitation, and  the rate of reduction of water use decreases with 

higher precipitation. For temperature, increase will gradually lead to a rise in water use, which will change 

the coefficient from negative to a positive amount. 
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same model as before (equation 4), but with the addition of all age groups, keeping the first 

age group as the benchmark and all interaction terms except the first 64. According to 

regression results reported in Table 4.4., farmers less than 40 years old who indicate UCCE 

as a source of irrigation information have a significant positive rise in water use, amounting 

to 0.61 acre-ft./irrigated acre. In comparison to the reference group (users of UCCE 

information in the age group of less than 40 years), we observe that for age group 70-80, 

UCCE users have a significant negative impact on water use by 0.14 acre-ft./irrigated 

acre65, and for the above 80 age group, this negative impact amounts to 0.16 acre-

ft./irrigated acre. Therefore, UCCE irrigation information has a significant positive impact 

on water use for farmers less than 40 years of age, and a significant negative impact on 

water use for farmer ages of 70 and above. These results imply that older farmers who are 

users of UCCE information use less water than younger users, which is opposite to the 

results reported by Dinar and Yaron (1990). Other coefficients reported in Table 4.4. are 

comparable with those reported in Table 4.3.  

 

From the results, we observe that UCCE as a source of irrigation information has a 

significant impact of $3,091 on farm level irrigation efficient production, and also a 1.17 

acre-ft./irrigated acre rise in water use. 

 

 

 
 

                                                 
64 The first group (less than 40) is the reference group here. It’s coefficient is represented by the coefficient 

of “UCCE”, in Table 4.4. 
65 We add the coefficient of the reference group represented by first row of Table 4.4., to the coefficient for 

“UCCE*(70-80)”, and “UCCE*(80 above)” age groups to obtain the total impact.   
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Table 4.4. Coefficient estimates for model with total water applied per irrigated acre as the dependent 

variable, including farmer age groups as covariates. 

 
Dependent variable  

Total water applied (acre-ft.) per acre of 

irrigated land 

Coefficient estimates 

 

  
UCCE 0.61*** 

 (0.17) 

40-50 0.04 

 (0.16) 

50-60 -0.05 

 (0.23) 
60-70 -0.08 

 (0.29) 

70-80 0.24 

 (0.30) 

80 above 0.03 

 (0.36) 

UCCE*(40-50) -0.09 

 (0.21) 

UCCE*(50-60) -0.13 

 (0.21) 

UCCE*(60-70) -0.23 
 (0.22) 

UCCE*(70-80) -0.75** 

 (0.30) 

UCCE*(80 above) -0.78** 

 (0.38) 

Farmer age 0.01 

 (0.04) 

Farmer age squared -0.0001 

 (0.0003) 

Off farm water cost per acre 0.0008 

 (0.0006) 

Average well depth 0.006*** 
 (0.0008) 

Average well depth squared -1.04e-05*** 

 (2.09e-06) 

Only gravity system 1.33*** 

 (0.13) 

Only sprinkler system 0.43*** 

 (0.15) 

Only drip, trickle and sub-irrigation 0.37** 

 (0.17) 

All irrigation systems 0.07 

 (0.16) 
Frost mitigation 0.25** 

 (0.11) 

Heat mitigation 0.14 

 (0.13) 

Leaching 0.16 

 (0.15) 

Mean annual precipitation -0.06 

 (1.15) 

Mean annual temperature -0.45 

 (0.48) 

Mean annual precipitation square -0.02 
 (0.22) 

Mean annual temperature square 0.004 

 (0.004) 

Fruit and Nuts 0.75*** 

 (0.09) 

Vegetables 0.64*** 

 (0.10) 

Corn 0.10 

 (0.16) 

Wheat 0.04 

 (0.09) 

Alfalfa 0.64*** 
 (0.14) 

Pasture 0.43** 

 (0.16) 

Hay 0.45*** 

 (0.15) 

Principal occupation farmer -0.15 

 (0.11) 

Hired manager -0.12 

 (0.10) 

Farmer experience 0.001 

 (0.003) 
Constant 13.32 

 (15.12) 

  

Observations 1,917 

R-squared 0.511 

County FE YES 

Year FE YES 

Robust standard errors in parentheses ; *** p<0.01, ** p<0.05, * p<0.1 

Using the average cost of irrigation water per acre-ft. across the two census years, the cost 

of the additional 1.17 acre-ft. amounts to about $40; this means that net profit to farmers 



95 

 

who use UCCE irrigation information amounts to about $3,050 per irrigated acre 66.  

The results indicate that UCCE’s irrigation information leads to higher farmer irrigation 

water use, on average. This goes against the perception that irrigation efficient technology 

leads to water savings. UCCE advocates the use of irrigation efficient technology like drip 

irrigation systems, which save water and produce more output (Taylor et al.; 2014 and 

Peterson and Ding; 2005). A plausible reason for irrigation efficient technology 

accompanied by increase in water use is suggested by Huffaker and Whittlesey (2003), and 

Scheierling et al.(2006), which explains the coefficient estimates reported in Table 4.3. and 

4.4. With the investments in irrigation efficient technology suggested by UCCE, farmers 

save irrigation water. They increase their acreage and use this saved water to attain 

maximum yield; this higher yield leads to higher demand for water, which is met by 

increase in water application. As Ward and Pulido-Velazquez (2008) suggest, irrigation 

water-saving technology solutions lead to increase in crop production; but the greater yield 

leads to increase in evapotranspiration (ET), which ultimately leads to higher water 

consumption and overall depletion, in the presence of return flows. In the absence of return 

flows, water use increases by the amount of applied water use from both on and off-farm 

sources, to maintain the higher yield. Therefore our results suggest that UCCE’s irrigation 

information does not lead to overall reduction in water use through water saving irrigation 

systems. However through the use of the water-saving irrigation systems, farmers do 

                                                 
66 We use the average cost of irrigation water from the Farm and Ranch Irrigation Survey, for the years 2003 

and 2008. We express the 2008 value in constant 2003 USD, and then obtain the mean across the two years.   



96 

 

increase the average value of output per irrigated acre, and incur a net profit, with the 

increased irrigation water use.    

4.3.3. Impact of the combination of UCCE and other sources of irrigation 
information 
 

 

UCCE as the major sources of irrigation information, has a significant impact on irrigation 

efficient production and water use per irrigated acre, according to our results. However, 

there are other sources of irrigation information indicated in the survey; these may have a 

significant impact on farmers’ decision on irrigation efficient production and water use per 

irrigated acre. We want to understand if obtaining knowledge from at least one additional 

source besides UCCE, is better on the margin than obtaining it from a single source. For 

this purpose, we create a variable that indicates whether the farmer obtained irrigation 

information from at least one out of the eight other sources of irrigation information, 

mentioned on the survey 67. We incorporate the interaction term between this variable and 

our dummy variable indicating UCCE as a source of irrigation information, into our 

original regression equations (3 and 4). Remaining variables are kept unchanged in the new 

models. The regression results are reported in Table 4.5. and Table 4.6.  

In Table 4.5., we observe a statistically significant positive impact of the information 

source combination on irrigation efficient production amounting to $2,813 per irrigated 

                                                 
67Other sources of information indicated in the survey are – “private irrigation specialists or crop consultants 

hired by operator”, “irrigation equipment dealers”, ‘local irrigation district employees or others hired by the 

water supplier”, “government specialists from the Natural Resources Conservation Service”, “Local 

Conservation District, Bureau of Reclamation or other federal and state agencies”, “media reports or 

information in the press”, “neighboring farmers”, “electronic information systems”, and “other individual 

sources”.  
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acre This amount is lower than the impact we observe for only UCCE in Table 4.2., hinting 

at a reduced impact of the combination of irrigation information sources. Other coefficients 

are similar to those in Table 4.2.; increase in farmer age, and the irrigation information 

source combination has a significant negative impact of $51; sprinkler system as the 

standalone irrigation system has a significant negative impact of $1,854, combination of 

all three irrigation systems has a significant impact of $3,100. Irrigation water use for frost 

mitigation has a significant negative impact of $944 and heat mitigation has a significant 

positive impact of $1,586; vegetable production has a significant positive impact of 

$15,913, corn $1,370, and hay $574 per irrigated acre.  

From the results in Table 4.2. and Table 4.5., we test if the difference in the impact between 

having only UCCE as the source of irrigation information and a combination of sources is 

significant or not. This has policy implications, because of the expenditures involved in the 

provision of irrigation information from these other sources. These expenditures are 

incurred both by the government as well as the individual farmers. An analysis of how they 

impact irrigation efficient production will improve our understanding and initiate policy 

planning. Our test results indicate that this difference in coefficients across the two models 

is not statistically significant from zero68. This result implies that the additional source of 

information does not make any significant change to irrigation efficient production. This 

                                                 
68 We use the ‘suest’ command in Stata, to test if the difference in the coefficients from the two models equals 

zero. Based on the value of the chi-squared statistic and the P-value, we cannot reject the null hypothesis that 

the difference equals zero.     
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could be due to the fact that some of the information provided by other sources may be 

borrowed from the freely available information disseminated by UCCE.  

 

Table 4.5. Coefficient estimates for model with value of agricultural products per irrigated 

acre as the dependent variable, and a combination of UCCE and at least one other source 

of irrigation information as an independent variable. 

 
Dependent variable  

Total value of agricultural output per irrigated 

acre 

Coefficient estimates 

 

  

Information combination 2,813* 

 (1,650) 

Farmer age* Information combination -51.12* 

 (26.28) 

Farmer age -0.36 

 (62.02) 

Farmer age squared 0.036 

 (0.48) 

Off farm water cost per acre 1.62 

 (1.10) 

Average well depth 2.53 

 (4.76) 

Average well depth squared 0.0004 

 (0.007) 

Only gravity system -8.04 

 (389.0) 

Only sprinkler system -1,854*** 

 (471.8) 

Only drip, trickle and sub-irrigation -390.2 

 (397.7) 

All irrigation systems 3,100** 

 (1,183) 

Frost mitigation -943.6* 

 (516.8) 

Heat mitigation 1,586** 

 (684.2) 

Leaching -378.9 

 (876.7) 

Mean annual precipitation 2,108 

 (1,588) 

Mean annual temperature 319.9 

 (1,203) 

Mean annual precipitation square -364.8 

 (264.0) 

Mean annual temperature square -0.34 

 (8.86) 

Vegetables 15,913*** 

 (1,856) 

Corn 1,370** 

 (514.3) 

Wheat 649.2 

 (694.9) 

Alfalfa -16.96 

 (1,024) 

Pasture -600.6 

 (445.7) 

Hay 573.5* 

 (286.3) 

Principal occupation farmer -9.434 

 (361.3) 

Hired manager -55.45 

 (425.0) 

Farmer experience -4.087 

 (10.08) 

Constant -19,547 

 (39,810) 

  

Observations 1,917 

R-squared 0.613 

County FE YES 

Year FE YES 

                                                     Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Regression results for water use/irrigated acre as the dependent variable are reported in 

Table 4.6. We observe a positive, statistically significant coefficient for the information 

source combination on water use, which amounts to 1.03 acre-ft./irrigated acre. This impact 

on water use is less in value than that obtained for only UCCE as the source of irrigation 

information, as indicated in Table 4.3. Test results indicate that the difference between the 

coefficients obtained in Table 4.3., and Table 4.6. is statistically insignificant. Therefore 

obtaining knowledge from UCCE and at least one other source of irrigation information 

does not significantly change the impact of the information on irrigation water use.  

For increased farmer age, the irrigation information source combination has a significant 

negative impact of 0.01 acre-ft./irrigated acre, comparable to the coefficient in Table 4.3. 

Well depth and its quadratic term have comparable coefficients as in Table 4.3., amounting 

to 0.006 acre-ft./irrigated acre, and negative 1.04e-05 acre-ft./irrigated acre respectively. 

Other significant coefficients are also nearly the same as those reported in Table 4.3.; only 

gravity system, only sprinkler, and only drip, trickle and subirrigation of irrigation each 

have significant positive impacts on water use by 1.34, 0.46, and 0.38 acre-ft./irrigated acre  

respectively. Frost mitigation measures lead to a rise in water use by 0.25 acre-ft./irrigated 

acre. Fruit and nut crops have the highest positive impact on water use as before, at 0.76 

acre-ft./irrigated acre, followed by vegetables at 0.65, alfalfa at 0.64, pasture at 0.44, and 

hay 0.44 acre-ft./irrigated acre.    
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Table 4.6. Coefficient estimates for model with total water applied per irrigated acre as 

the dependent variable, and a combination of UCCE and at least one other source of 

irrigation information as an independent variable. 

 
Dependent variable  

Total water applied (acre-ft.) per acre of irrigated 

land 

Coefficient estimates 

 

  

Information combination 1.03*** 

 (0.30) 

Farmer age* Information combination -0.01** 

 (0.006) 

Farmer age 0.009 

 (0.02) 

Farmer age squared -6.98e-05 

 (0.0002) 

Off farm water cost per acre 0.0009 

 (0.0006) 

Average well depth 0.006*** 

 (0.0008) 

Average well depth squared -1.04e-05*** 

 (2.11e-06) 

Only gravity system 1.34*** 

 (0.14) 

Only sprinkler system 0.46*** 

 (0.16) 

Only drip, trickle and sub-irrigation 0.38** 

 (0.17) 

All irrigation systems 0.07 

 (0.16) 

Frost mitigation 0.25** 

 (0.11) 

Heat mitigation 0.16 

 (0.12) 

Leaching 0.16 

 (0.15) 

Mean annual precipitation -0.09 

 (1.13) 

Mean annual temperature -0.46 

 (0.48) 

Mean annual precipitation square -0.01 

 (0.22) 

Mean annual temperature square 0.004 

 (0.004) 

Fruit and Nuts 0.76*** 

 (0.10) 

Vegetables 0.65*** 

 (0.10) 

Corn 0.09 

 (0.16) 

Wheat 0.05 

 (0.09) 

Alfalfa 0.64*** 

 (0.14) 

Pasture 0.44*** 

 (0.16) 

Hay 0.44*** 

 (0.16) 

Principal occupation farmer -0.14 

 (0.11) 

Hired manager -0.11 

 (0.10) 

Farmer experience 0.001 

 (0.003) 

Constant 13.77 

 (14.92) 

  

Observations 1,917 

R-squared 0.506 

County FE YES 

Year FE YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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From the above coefficient estimates we observe that the combination of UCCE and at 

least one other irrigation source has no significant difference in impact on irrigation 

efficient production or water use per irrigated acre. The reason behind this result could be 

the borrowing of research base knowledge produced by UCCE, by other irrigation sources. 

Cost of independent research on one hand, and free availability and high reliability of 

UCCE’s irrigation information on the other, can contribute to the borrowing of UCCE’s 

information by other irrigation information sources. 

4.4. Conclusion and Policy Implications 
 

 

We estimate the impact of UCCE on irrigation efficient production (represented by 

inflation-adjusted value of average output pre irrigated acre ($/irrigated acre)), and water 

use, represented by total volume of water applied per irrigated acre (acre-ft./irrigated acre). 

Results indicate that UCCE as a source of irrigation has significant positive impact on 

irrigation efficient production as well as water use per irrigated acre. Taking into 

consideration this increase in irrigation water use, the net increase in irrigation efficient 

production goes up by about $3,050 per irrigated acre. We also observe that increasing 

farmer age and UCCE as a source of information has a negative effect on irrigation efficient 

production. This hints at the phenomenon of lack of adaptability of older farmers to new 

productivity enhancing technology. Results also indicate that for farmers above the age of 

70 years, UCCE information has a significant negative impact on irrigation water use. 

Therefore, our results indicate that UCCE has a significant positive impact on both 

irrigation efficient production and water use for an average farmer, but with increasing age, 
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users of UCCE irrigation information undergo reductions in both. Coefficient estimates 

suggest that UCCE’s efforts to reduce water use through irrigation efficient technologies 

lead to increased water usage. Irrigation efficient technology suggested by UCCE leads to 

savings in water use and increased output, as we observe from the coefficient estimate of 

UCCE in the first model. Farmers then increase their acreage and use the saved water to 

attain maximum yield; this higher yield leads to higher demand for water, which is met by 

increase in water application. This increase in water demand is met either through increased 

aquifer depletion in the presence of return flows, or through application from off-farm 

sources, in the absence of return flows. Our results suggest that irrigation efficient systems 

advocated by UCCE may be counter-productive in terms of irrigation water use. However 

UCCE’s irrigation information does lead to rise in output, and hence farmer income. In 

terms of policy interventions regarding reduction of water use, research projects aimed at 

improving the understanding of the hydrological system of river basins can be 

commissioned; irrigation efficient technology can be more effective with more 

comprehensive understanding of issues like return flows, and aquifer recharge rates. As 

Ward and Pulido-Velazquez (2008) point out, allocating water rights based on water 

depletion and not water use, reducing evaporation from soil or supply sources, restricting 

acreage and water application expansion in cropped areas, and deficit irrigation can lead to 

real water savings. Another pertinent issue is the difference between water applied and 

water consumed; the water applied may not be consumed by crops in its entirety, and 

typically returns to the river as runoff or to the underlying aquifer through deep percolation 

(Hartmann and Seastone; 1965). Therefore changes in water applied due to irrigation 
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efficient technologies may not accurately capture water saved. Therefore better 

understanding of underlying hydrological system, economic systems like water and other 

input prices, water rights, crop mix, and farmer demographics can lead to water savings 

and productivity rise from irrigation efficient practices and technologies, recommended by 

UCCE. Addition of updated data in the analysis can shed light into UCCE’s role in 

irrigation efficient productivity and farmer irrigation water use in the post drought period.  

Joint effect of UCCE and other sources of irrigation information are also estimated, for 

both the outcome variables mentioned above. We observe that the combination of UCCE 

and at least one other source of irrigation information does not lead to any significant 

change in the impact on irrigation efficient production or  water use per irrigated acre. This 

does not necessarily mean that other irrigation sources are unimportant; they may help 

disseminate irrigation information to individual farmers who may not receive information 

from UCCE, but may not have a significant impact on irrigation efficient production and 

water use of an average. This is because other sources of information may borrow the 

information that is already made available by UCCE. But other sources of irrigation can 

play the role of substitutes in dissemination of knowledge, through greater collaboration 

with UCCE. This could reduce UCCE costs of outreach.  

Due to unavailability of data for all variables in our model, we are unable to estimate the 

impact of UCCE on total value of output per irrigated acre per unit of water. This a possible 

direction for future work to improve our understanding of farmer decisions regarding water 

use and irrigation water use efficiency, for policy perspective. 
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Farmer endogeneity is a relevant issue in case of repeated farm level cross sectional data. 

We have included as many relevant control variables in the empirical analysis as possible, 

to reduce unobserved factors which may affect our dependent variable. However one can 

still argue the existence of unobservable factors which may lead to overestimation or 

underestimation of the coefficients in our model, and especially that of UCCE. More 

detailed data can address this issue of endogeneity better. Another issue we have not dealt 

with in this paper is the improvement of efficiency of other agricultural inputs, made 

possible through UCCE’s research and information dissemination. Future research could 

address this issue through the incorporation of interactions of inputs and UCCE’s irrigation 

information availability in the empirical analysis.      

More studies on this topic can improve our understanding of how UCCE information can 

improve water use efficiency, and enhance productivity. Better understanding of the 

demographic characteristics and efficiency level of the users of UCCE knowledge can help 

in designing more targeted outreach programs for both users and non-users; this can 

increase the effectiveness of the programs and improve adoption of UCCE prescribed 

technology amongst farmers. Special programs can be designed which will target older 

farmers, to enhance irrigation efficient productivity. Based on our results, collaboration 

among UCCE and other private and government sources of irrigation information can 

potentially reduce water use; creation and improvement of networks of collaboration can 

potentially lead to reduction in irrigation water use, with higher irrigation efficient 

production.  
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Chapter 5: Conclusion  
 

In this dissertation we estimate the impact of UCCE in three major areas – a) research-

based knowledge production, b) value of agricultural production at the county level,  and 

c) irrigation efficient water use, represented by average value of agricultural output per 

irrigated acre and water use per irrigated acre at the farm level.  

In the first analysis, we estimate the contemporaneous impact of UC Cooperative Extension 

on the production of knowledge, through research and extension work that is conducted 

over various California counties. Data on R&D expenditures and knowledge products is 

collected to construct a unique data set for 7 years spanning from 2007-2013; the data set 

contains information on advisor FTE, expenditures on advisor salaries, and infrastructure. 

We collect data on a number of knowledge production methods; these are then categorized 

into 11 subcategories, and 3 broad categories. A weighted average knowledge variable or 

a knowledge index in constructed, with the weights provided by UCCE county directors 

via an electronic survey. Coefficients indicate that all three inputs impact knowledge 

production positively. Expenditures on infrastructure per unit FTE as a research input has 

diminishing marginal returns to knowledge production.  

Marginal product of advisor FTE calculated at the mean value of the input and knowledge 

index equals 106.33; this implies that one unit increase in county FTE leads to nearly 106 

additional counts of knowledge production. Marginal products of expenditures on salaries 

per FTE and infrastructure per FTE are 0.003 and -0.0003, respectively. Marginal products 

values calculated at the mean emphasize the importance of advisor FTE as a research input. 



106 

 

They also bring forward the issue of diminishing returns on investments in incentives and 

infrastructures.  

Future work on this paper would include the following areas. First, we include in the 

analysis, the variable FTE which includes UCCE county advisors. Incorporation of detailed 

data on knowledge produced and disseminated by UCCE specialists at the county level 

would provide a more complete picture of the knowledge production mechanism. Data on 

FTE experience and expertise could also refine our results. We faced data constraints in 

this analysis; with availability of data, better understanding of relevant research inputs, 

environments in which substitution between inputs is viable, and long term impact of shifts 

in investments in research inputs can provide us answers relevant for policy decisions. This 

paper poses and provides answers to some of these questions and indicates possible 

directions for future study on this issue.  

The second analysis involves the estimation of the impact of University of California 

Cooperative Extension (UCCE) on county level agricultural productivity in California. We 

incorporate the idea that expenditures in inputs by UCCE produces knowledge, and this 

knowledge impacts agricultural production, in this analysis. The data is aggregated to the 

county level because UCCE operates from county offices distributed across the state. Data 

is obtained for UCCE budgets for all R&D and extension projects for 50 county offices for 

the years 1992 to 2012, and used as proxies for R&D expenditures. Stock of knowledge 

produced through UCCE expenditures on R&D and outreach is modeled as a non-linear 

function of a stream of current and depreciated past expenditures, and used as our 
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independent variable of interest. Data on factors of agricultural production such as 

harvested acreage, hired labor, chemical applications, machinery, average farmer age and 

number of primary occupation farmers are obtained from census of agriculture conducted 

by United States Department of Agriculture (USDA), for five census years spanning over 

1992-2012. Productivity is represented by total value of sales per acre of farmland, using 

data from the census of agriculture.  

To estimate the impact of UCCE expenditures on R&D and outreach on productivity, we 

construct a stock of expenditures. Current and 5 lagged values of UCCE expenditures are 

included, and a range of different depreciation rates are used to estimate the coefficient of 

UCCE’s expenditure stock. The intuition is that old knowledge depreciates over time, 

therefore older expenditures enter the model as a depreciated value. Empirical analyses of 

the model incorporate depreciation rates ranging from 0 to 9 percent, and then 10, 15 and 

20 percent following literature. Regression results indicate that UCCE's stock of 

expenditures has a statistically significant impact on total value of sales per acre, which 

varies from nearly $5 to $10, for depreciation rates between 0 and 20 percent. For higher 

rates of depreciation of knowledge, the coefficient becomes statistically insignificant. 

Results suggest that for dynamic systems with frequent innovations indicated by increasing 

rates of depreciation, UCCE's efforts have a higher impact on productivity; this effect 

however becomes insignificant with very high (50 - 80%) levels of depreciation. For 

knowledge depreciation rate of 100 percent the coefficient becomes negative (-$31) and 

this effect is statistically different from zero. This result likely captures the allocation of 

higher expenditures on counties which have reported lower performance during the year; 
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or cutbacks for a particular county which is performing well. Therefore, our results are in 

agreement with the existing literature that suggests that old expenditures impact current 

productivity positively, and their exclusion tells us only a partial story.  The coefficients 

estimates indicate that there is scope for improvement in research and outreach; 

introduction of new research-based knowledge and technology improve productivity.  

Empirical results also include the impact of UCCE's R&D expenditure stock on individual 

counties. This analysis contributes to the literature which has not adequately dealt with 

county level analysis of the state cooperative extension system. Controlling for individual 

county and year fixed effects which may be driving productivity in that county, we find 

evidence of high positive impacts of UCCE R&D expenditure stock on some of the major 

agricultural counties in the state. We obtain significant impact of UCCE R&D expenditures 

stock on 19 counties. In terms of policy, these coefficients can be used as reference points 

for allocating budgets to different counties. Research and outreach efforts could be targeted 

to the counties with inconclusive (statistically insignificant) or negative impacts; monetary 

impact of cutbacks on county productivity could also be calculated, using the estimates of 

this paper.  

The empirical model in this analysis involves the assumption that there is no county level 

spillover of knowledge; this effect can be incorporated in future work. We estimate a 

simplified model to provide county level impact of UCCE expenditures on R&D and 

outreach on productivity, which can provide policy makers a reference point for policy 

decisions in California. Another caveat is the relatively short period of time (20 years), 
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considered in our analysis, which can be addressed with availability of detailed data in 

future.  

The final chapter of the dissertation involves the estimation of the impact of UCCE on 

irrigation efficient production (represented by inflation-adjusted value of average output 

pre irrigated acre ($/irrigated acre)), and water use, represented by total volume of water 

applied per irrigated acre (acre-ft./irrigated acre). Results indicate that UCCE as a source 

of irrigation has significant positive impact on irrigation efficient production as well as 

water use per irrigated acre. Taking into consideration this increase in irrigation water use, 

the net increase in irrigation efficient production goes up by about $3,050 per irrigated 

acre. 

 

We observe that increasing farmer age and UCCE as a source of information has a negative 

effect on irrigation efficient production. This hints at the phenomenon of lack of 

adaptability of older farmers to new productivity enhancing technology. Results also 

indicate that for farmers above the age of 70 years, UCCE information has a significant 

negative impact on irrigation water use. Therefore, our results indicate that UCCE has a 

significant positive impact on both irrigation efficient production and water use for an 

average farmer. With increasing farmer age, users of UCCE irrigation information undergo 

reductions in both. Coefficient estimates suggest that UCCE’s efforts to reduce water use 

through irrigation efficient technologies lead to increased water usage. Two possible 

explanations can be responsible for the results First, irrigation efficient technology 

suggested by UCCE leads to savings in water use and increased output, as observed from 
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the coefficient estimate of UCCE in the first model. Farmers then increase their acreage 

and use the saved water to attain maximum yield; this higher yield leads to higher demand 

for water, which is met by increase in water application. The second reason could be that 

rise in agricultural output from water saving irrigation systems advocated by UCCE leads 

to increase is crop surface area and hence evapotranspiration, thereby causing greater water 

usage per acre to maintain the higher output. 

Our results suggest that irrigation efficient systems advocated by UCCE may be counter-

productive in terms of irrigation water use. However UCCE’s irrigation information does 

lead to rise in output, and hence farmer income. In terms of policy interventions research 

aimed at improving the understanding of the hydrological system of river basins can be 

commissioned to improve scientific understanding on issues like return flows, and aquifer 

recharge rates. Addition of updated data in the analysis can shed light into UCCE’s role in 

irrigation efficient productivity and farmer irrigation water use in the post drought period.  

Finally we also observe that the combination of UCCE and at least one other source of 

irrigation information does not lead to any significant change in the impact on irrigation 

efficient production or  water use per irrigated acre. This may be due to the fact that other 

sources of information borrow the information that is already made available by UCCE 

and may not have a statistically significant impact on an average. But these other sources 

of irrigation can play the role of substitutes in dissemination of knowledge, through greater 

collaboration with UCCE. This could reduce UCCE costs of outreach as well.  
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Through this dissertation the importance of UCCE in three major topics is established. We 

observe empirically that the cooperative extension system in California spends on inputs 

which produce knowledge. The knowledge positively affects agricultural production in the 

present as well as future, for at least 5 lags of UCCE expenditures. Finally we obtain 

evidence of a positive impact of UCCE’s research-based irrigation information on 

irrigation water use. This study can be extended to other states, to contribute to the literature 

which largely ignores the county level analysis. This study has important implications in 

terms of allocation of funding in cooperative extension, which faces the risk of cutbacks in 

future. Through these analyses we provide evidence of long term impact of UCCE, and 

raise the question of possible decline in productivity in future due to decline in 

expenditures. Better understanding of the long term impact of UCCE can ensure better, 

more informed policy decisions, which will ensure continued rise in productivity and water 

use efficiency in California and other states in the U.S., which will also have important 

impact on world agriculture. 
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Appendix  
Table A.1. Survey for County Directors  

 

Major 

types 
Direct Contact with Clients Indirect Contact with Clients Own Research Projects and Peer-Reviewed Journal Publications Total 

Group 

Weight 

(%) 
   

100 

 

Group 

Interactions 

(e.g. 

classes, 

workshops, 

demos) 

Individual 

consultations 

(e.g., field 

visits, emails, 

phone calls 

with 

individual 

growers)  

Other 

(e.g., 

presenting 

meetings, 

conference 

call, poster 

presentation) 

T 

O 

T 

A 

L 

 

Newsletter

s 
Websites 

Televisio

n and 

Radio 

Other 

(e.g., 

booklets, 

hand-outs 

at 

meetings) 

T 

O 

T 

A 

L 

 

Peer reviewed  

journal 

publications 

Basic 

Researc

h 

Projects 

Applied 

research 

projects 

Other 

(managemen

t of student 

projects, 

development 

of programs) 

T 

O 

T 

A 

L 

 

 

Within 

group 

weight(%) 
   

1

0

0 
    

1

0

0 
    

100 
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Table A.2. Regression results for models using each of the 3 broad categories - direct, indirect contact, and publications and research 

projects as dependent variables. In columns (1) and (2), dependent variable is log of knowledge produced from all direct methods of 
contact, columns (3) and (4), dependent variable is log of knowledge produced from all indirect methods of contact with growers, and 

columns (5) and (6), dependent variable is log of knowledge produced from all peer-reviewed journal publications and research projects.  
 

 (1) (2) (3) (4) (5) (6) 

VARIABLES ln (Direct 

method) 

ln (Direct 

method) 

ln (Indirect 

method) 

ln (Indirect 

method) 

ln (Publications 

and research 

projects) 

ln (Publications 

and research 

projects) 

       

ln(FTE) 0.92* 0.81 0.55 0.26 0.08 0.28 

 (0.54) (0.53) (0.98) (0.91) (0.46) (0.45) 

ln(Salary/FTE) 0.89*** 0.88*** 0.58 0.47 0.52*** 0.64*** 

 (0.25) (0.25) (0.47) (0.46) (0.17) (0.15) 

ln(Infrastructure/FTE) 17.77*** 17.68*** 7.81 7.36 2.09 3.59 

 (6.19) (6.43) (12.58) (11.62) (5.37) (5.58) 

ln(Infrastructure/FTE) 

squared 

-0.70*** -0.70*** -0.32 -0.30 -0.10 -0.16 

 (0.25) (0.26) (0.51) (0.47) (0.22) (0.22) 

Constant -116.3*** 31.88 -49.17 398.4** -13.86 251.1*** 

 (39.62) (78.24) (80.57) (162.6) (33.55) (63.48) 

       

Observations 290 290 271 271 285 285 

R-squared 0.63 0.63 0.54 0.54 0.64 0.62 

AIC 901.01 895.06 1256.93 1250.71 678.91 683.35 

County FE YES YES YES YES YES YES 

Year FE YES NO YES NO YES NO 

Time Trend NO YES NO YES NO YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
 

Table A.3. Regression results using the 3 subcategories under direct contact method of knowledge production, as dependent variables. 
In columns (1) and (2), dependent variable is log of knowledge produced from group interactions, columns (3) and (4), dependent 

variable is log of knowledge produced from individual consultations, and columns (5) and (6), dependent variable is log of knowledge 

produced from all other types of direct contact methods, categorized by UCCE.  
 

 (1) (2) (3) (4) (5) (6) 

VARIABLES ln(Group 

interaction) 

ln(Group 

interaction) 

ln(Individual 

consultation) 

ln(Individual 

consultation) 

ln(Other direct 

methods) 

ln(Other 

direct 

methods) 

       

ln(FTE) 0.37 0.44 1.62* 1.06 0.32 0.26 

 (0.62) (0.58) (0.82) (0.77) (0.56) (0.51) 

ln(Salary/FTE) 0.48 0.51 0.96** 0.76* 0.18 0.18 

 (0.31) (0.31) (0.40) (0.39) (0.19) (0.18) 

ln(Infrastructure/FTE) 13.41** 12.97** 21.42*** 19.72** 0.06 0.73 

 (5.79) (5.58) (8.09) (8.77) (6.42) (6.75) 

ln(Infrastructure/FTE) 

squared 

-0.54** -0.52** -0.84** -0.78** 0.004 -0.02 

 (0.23) (0.23) (0.33) (0.35) (0.25) (0.27) 

Constant -83.10** 73.26 -146.3*** 5.53 0.39 165.7*** 

 (37.78) (85.62) (51.93) (147.8) (40.52) (63.26) 

       

Observations 286 286 187 187 278 278 

R-squared 0.63 0.63 0.58 0.55 0.59 0.57 

AIC 892.90 886.59 689.04 689.80 804.33 805.11 

County FE YES YES YES YES YES YES 

Year FE YES NO YES NO YES NO 

Time Trend NO YES NO YES NO YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

Odd numbered columns (1, 3, 5) report regression results for models with county and year control dummy variables, and even 
numbered columns (2, 4, 6) for models with county control dummy variables and time trend. 
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Table A.4. Regression results using the 4 subcategories under indirect contact method of knowledge production, as dependent variables. 
In columns (1) and (2), dependent variable is log of knowledge produced from newsletters, columns (3) and (4), dependent variable is 

log of knowledge produced from websites, columns (5) and (6), dependent variable is log of knowledge produced from TV and radio, 

and columns (7) and (8)  dependent variable is log of knowledge produced from all other indirect methods of contact with growers, etc., 
as categorized by UCCE.  

 
 (1) (2) (3) (4) (5) (6) (7) (8) 

VARIABLES ln(Newsletter

s) 

ln(Newsletter

s) 

ln(Websites) ln(Websites) ln(TV & 

Radio) 

ln(TV & 

Radio) 

ln(Other 

indirect 

methods) 

ln(Other 

indirect 

methods) 

         

ln(FTE) 0.59 0.16 0.67 0.37 -0.72 -0.06 -0.14 -0.58 

 (1.34) (1.27) (0.63) (0.56) (3.23) (2.64) (0.75) (0.74) 

ln(Salary/FTE) 0.93 0.62 -0.20 -0.21 0.57 -0.16 0.39 0.33 

 (0.74) (0.72) (0.23) (0.20) (1.23) (1.11) (0.25) (0.24) 

ln(Infrastructure/FTE) 50.86** 48.76** -1.43 -2.36 40.90 38.98 -5.35 -4.91 

 (20.92) (19.58) (5.32) (4.88) (80.66) (73.70) (8.01) (7.44) 

ln(Infrastructure/FTE) 

squared 

-1.99** -1.91** 0.07 0.10 -1.53 -1.43 0.20 0.18 

 (0.83) (0.78) (0.22) (0.20) (3.14) (2.87) (0.32) (0.30) 

Constant -329.7** 81.38 10.05 39.97 -277.9 -237.0 32.91 190.3 

 (134.1) (237.1) (33.86) (81.53) (511.7) (508.8) (50.31) (131.8) 

         

Observations 236 236 189 189 84 84 207 207 

R-squared 0.50 0.49 0.51 0.49 0.45 0.39 0.42 0.41 

AIC 1156.16 1153.55 494.28 490.09 367.06 367.77 770.75 765.4 

County FE YES YES YES YES YES YES YES YES 

Year FE YES NO YES NO YES NO YES NO 

Time Trend NO YES NO YES NO YES NO YES 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
Odd numbered columns (1, 3, 5, 7) report regression results for models with county and year control dummy variables, and even 

numbered columns (2, 4, 6, 8) for models with county control dummy variables and time trend. 

 
 

Table A.5. Regression results using the 4 subcategories under publications and research projects method, as dependent variables. In 

columns (1) and (2), dependent variable is log of knowledge produced from peer-reviewed journal publications, columns (3) and (4), 
dependent variable is log of knowledge produced from basic research projects, columns (5) and (6), dependent variable is log of 

knowledge produced from applied research projects, and columns (7) and (8), dependent variable is log of knowledge produced from 

all other types of research projects and creative methods used to produce educational materials, as categorized by UCCE.  
 

 (1) (2) (3) (4) (5) (6) (7) (8) 

VARIABLES ln(Publicatio

ns) 

ln(Publicatio

ns) 

ln(Basic 

research) 

ln(Basic 

research) 

ln(Applied 

research) 

ln(Applied 

research) 

ln(Oher 

research 

projects) 

ln(Oher 

research 

projects) 

         

ln(FTE) 1.38** 1.87*** 0.50 -0.35 0.51 0.40 -1.66* -1.56 

 (0.58) (0.61) (1.29) (1.09) (0.35) (0.37) (0.98) (0.10) 

ln(Salary/FTE) 0.75*** 1.252*** 0.23 0.06 0.17 0.12 -0.078 0.05 

 (0.27) (0.29) (0.37) (0.41) (0.15) (0.15) (0.33) (0.32) 

ln(Infrastructure/FTE) 8.93 13.02 -27.33 -19.39 -2.56 -2.74 6.56 7.22 

 (7.55) (9.08) (19.40) (15.19) (4.07) (4.06) (6.20) (6.11) 

ln(Infrastructure/FTE) 

squared 

-0.34 -0.50 1.08 0.75 0.11 0.11 -0.30 -0.33 

 (0.30) (0.36) (0.77) (0.59) (0.16) (0.16) (0.26) (0.25) 

Constant -66.54 115.3 169.7 246.6** 14.16 182.4*** -30.62 48.79 

 (47.62) (89.94) (121.0) (121.0) (25.88) (53.91) (39.01) (89.54) 

         

Observations 238 238 82 82 260 260 183 183 

R-squared 0.65 0.57 0.56 0.50 0.59 0.58 0.45 0.44 

AIC 609.10 646.92 149.07 149.27 526.30 519.62 580.21 573.52 

County FE YES YES YES YES YES YES YES YES 

Year FE YES NO YES NO YES NO YES NO 

Time Trend NO YES NO YES NO YES NO YES 

Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

Odd numbered columns (1, 3, 5, 7) report regression results for models with county and year control dummy variables, and even 

numbered columns (2, 4, 6, 8) for models with county control dummy variables and time trend. 
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Table A.6. Summary statistics for the 3 broad categories of knowledge production. 

 

Variable                  Observations       Mean                Standard Deviation            Minimum          Maximum 

      

All direct methods                 329            291.23                616.18                       0                   5419 

All indirect methods 329           4406.72             20892.68                       0                262205 

All publications &          329               31.16                      108.12                       0                   1890 

research methods 

 

 

 
Table A.7. OLS regression results for cross section and panel data under the assumption of depreciation rates 

50, 70 and 80 percent. 

 
 (1) (2) (3) 

VARIABLES δ=0.5 δ=0.7 δ=0.8 

    

R&D expenditure stock per acre farmland  10.49 0.54 -8.91 
 (7.53) (7.34) (8.58) 

Acres harvested per acre of farmland -803.1 -780.3 -727.7 

 (2,359) (2,389) (2,409) 
Hired labor per acre 23,350*** 23,945*** 24,352*** 

 (7,618) (7,747) (7,703) 

Machinery per acre 31,751 37,257 40,666 
 (33,328) (33,756) (34,203) 

Chemicals per acre 1,256* 1,311** 1,346** 

 (650.3) (640.6) (624.5) 
Primary occupation -1.17*** -1.15*** -1.15*** 

 (0.25) (0.25) (0.25) 
Average age -48.78 -46.97 -43.64 

 (40.42) (43.18) (42.85) 

Constant 2,398 2,360 2,234 
 (2,295) (2,433) (2,404) 

    

Observations 249 249 249 
R-squared 0.941 0.940 0.941 

County FE YES YES YES 

Year FE YES YES YES 

Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0. 

 

 
 

Table A.8. Correlation between total value of sales per acre and UCCE expenditures for the census years. 

 

 UCCE expenditures per acre of farmland 

 1992 1997 2002 2007 2012 

Total value of sales per 

acre of farmland 

0.81 0.66 0.70 0.53 0.25 

 

 




