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EXECUTIVE SUMMARY

The 2007 June Area Survey (JAS) was used to identify farming operations that were not found
on the Census Mail List (CML). These Nat-the-Mail-List (NML) operations were used as a
measure of undercoverage for the 2007 Census of Agriculfimeoperations were mailed a
census report form to collect information about tharhe NML farms consisted of 4,810 JAS
tracts, representing an expaddeimber o861,687operations

Given that all NML farms are not alike, an examination of their differences was proposed. Using
a selected number of variables obtained from the census questionnaire and the JAS, a variety of
clustering techniques were f@med on the data. The objective was to partition or group
observations such that differences were minimized within each cluster while maximizing
differences across clusters. After several cluster methods were performed, a solution was chosen
that used clusters to describe the data. Segment profiling was applied to characterize each
cluster in terms of the variables that best defined them. Results showed that the clusters were
able to distinguish operations that had such characteristics as: a hvakte of Production

(TVP) and a lot of point farms, a high TVP, pame status and renting land, and idle cropland.

Variables of interest were examined across the clusters. This analysis pointed out such things as,
the majority of the operations the cluster with many point farms were of pame status, as

well as that almost two thirds of the operations in the cluster with rented land had an operator
who became the primary operator after the year 2000. An additional approach was taken to
compae the same cluster definitions when applied to the CML. This gave perspective as to how
the NML compared to the CML. The results showed that the NML contained more operations in
the land rented cluster and roughly double the number of operations withépm cluster as

the CML. The clusters were also used to compare the CML to the NML across matching
variables of interest. The results of this cluster analysis could be used to target operations for
future building of the list frame.



RECOMMENDATIONS

Usecomparisons between the CML and NML by variable as a gauge for what is missing
on the CML and needs to be targeted for list building

Examine needed areas of CML list building using the results of the NML clusters across
variables gamined anditilize this information tanatch to outside list sources.






A Method for Improving List Building: Cluster Profiling
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Abstract

The National Agricultual Statistics Service (NSS) conducts the quinquennial Census of
Agriculture in years ending in 2 andAlso, NASS conducts an annual area frame based survey,
the June Area Survey (JAS)he census employsdual frame: an independent list frame and the
area framecomponenfrom the JAS The JAS is used to identify farming operations missed on
the list frame In 2007, a full census questionnaire was sent to all JAS records that were not
found on the census mail ligtlultiple clustering techniques were dst characterize farming
operations missed during the census mail list buildiigrarchical methods (average linkage,
centroid, and Wa rhiérarshicamkeneahsoctustering nvere useal no identify
groupings Through cluster profiling, poteiad improvements to future list building efforts are
discussed.
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1.INTRODUCTION

The National Agricultural Statistics Service (NASS) conducts the quinquennial Cearisus
Agriculture in years ending in 2 and The Census of\griculture is a complete enumeratioh

United States (U.S.) farms and ranches as well as the people who operatd\ tfeem is
defined as a place from which $1,000 or more of agricultural preduete produced and sold,

or normally would have been sold during the census year, incluaynigulturally related
government payment$he census collects data on land use, ownership, operator characteristics,
production practices, income and expendgur@nd many other characteristid$ie outcome,

when compared to earlier censuses, helps to measure trends and new developments in the
agricultural sector of the national econariifie information is used only for statistical purposes
and data are publishexhly in tabulated totalsThe census provides the only source of uniform,
comprehensive agricultural data for every county in the nation

NASS maintains a list of farmers and ranchers from which the Census Mail List (CML) is
compiled. Census forms areent usingthe CML to all known and potential agricultural
operations in the U.SThe goais to build as complete a CM&s possible o#ll agricultural
places that meet the NASS farm definiti?ddASS builds and improves the list on an ongoing
basis. To daieve this NASS obtainsinformation from outside sources as well as special
commodity lists

Despite the agencyo6s beesatlist asfpbssibidiese will uitimdtalyi | di ng
be some level of incompleteness in covering the farnulpdpn in the resulting CML. To
measure this incompletened$ASS uses itarea frame based June Area Sur{@ysS) For the

2007 JAS,prior to the census, an additionslipplementalarea sample was selected which
targeted feming demographics that typicgllhavelower coverage rates on the lisame, the
foundation for the CML. Anydrming operationsound onthe 2007 JASor the supplemetal
samplethat did not match those ame CML were determined to be Notrthe-Mail-List

(NML). These operations wereaited a census repditrm to collect information about them

Data from the NML operations provided a measafrthe undercoverage of the CML as well as
information on their size, commodities produced, operator demographics and other descriptive
information.

1.1The Census of Agriculture and Mail List Development

The goalwith the CMLis to build as complete a list as possible of agricultural places that meet
the NASS farm definitionThe CML compilation begins with the list used to define sampling
populatils for NASS surveys conductdaor its annualagricultural estimates program. NASS
builds and improves the list on an ongoing basis by obtainflogmnation from outside sources.
These surces includdists from gate and federal government agencies, pr@lugssociations,

seed growers, pesticide applicators, veterinarians, marketing assagiationa variety of other
agriculture relsgd area. NASS also obtains special commodity lists to address specific list
deficiencies. These outside source lists awdchred to the NASS list using record linkage
programs. Most names on newly acquired lists are already on the NASS list. Records not on the
NASS list are treated as potential farms until NASS can confirm their existence as a qualifying
farm.



List building activities for developing the 2007 CML started in 2004. Between 2004 and 2007,
NASS conducted a series of Agricultutdentification Surveys (AIS) to screapproximately

1.7 million recordsfor agriculture activity which included nonrespondents frome t2002
Census of Agriculture and newly added records from outside list sources. The AIS report form
collected information that was used to determine farmfaom status. Reports identified as
farms were added to the NASS list and subsequentlthaoCML The official CML was
finalized on September 1, 2007 awdntained 3,194,373 records. Within thibere were
2,198,410 records that were thought to meet the NASS farm definition and 995,963 potential
farm records.

To account for farming operations nat the CML, NASS used its area frame. The NASS area
frame covers all land in the U.S. atmlisincludes all farms. The land in the U.S. is stratified by
characteristics of the land. Segments of approximately equal size are delineated within each
stratum and designated on aerial photographs (See red outlined boundary in Figute 1)
probability sample of segments is drawn within eatthtumfor the NASS annual area frame
based]AS.

Figure 1.JAS segment with tract boundaries

The JAS sample of segnteris allocated to strata to provide accurate measures of acres planted
to widely gravn crops andnot-on-the-list cattle inventory Sampled segments in the JAS are
personally enumerated. Each operation identified within a segment boundary is knowrcas a tra
(See blueoutlined areagabeled A through Hn Figure 1). The 2007 JAS consisted of 10,912
regular sampled segmerasd a supplemental sample3692 Agricultural Coverage Evaluation
Survey (ACES) segment®\CES segments were selected to provide nreasof small and
minority-owned farms. These additional ACES segments targeted farming demographics that
typically had lower coverage rates on the list. The information from each tract (operation) within



a segment is matched agst operations on the CMio determine th& ML operationsto which
acensus report form was mailed

Data from the NML operations provided a measure of the undercoverage of the CML operations.
In general, NML farms tended to be small in acreage, production, and sales of agricultura
products(Eldridge, 2007)However, it is important to keep in mind that NML operations are not

all alike. Farm operations were missed for various reasimdiding the possibility that the
operation started after the mail list was developed, the toperaas so small that it did not
appear in any agriculture related source lists, or the operation was erroneously classified as a
non-farm prior to mailout.

Theobjective ofthis research was to find y&to improve our listhrough a better understandin
of our NML population It was thought that knowing more abalistinct subgroups withithe
NML would help NASS find farm operationsiore easily from outside sourcda order to
achieve this, a way to partition or grosgjnilar operationswvas neededo identify areaswvhere
list building efforts couldbe targeted

2. METHODS

In order to achie® thegoal of characterizing theML operations, we must look at techniques
that allow forthe partitioning of the operations based @set of variableOne insghtful way of
looking at this problem is through the use of a multivariate technique called cluster analysis
Cluster analysis sesko find optimal groupings or clustevghich minimize differences within a
cluster while maximizing differences across chust

Theintendeduse of cluster analysia the context of this researchsimilar to that of busesses
using an applicationof cluster analysis calledcustomer segmentatiorHere clustering is
performed to segment a customer baserder to get udal results;in this context useful
typically means that the results will aid in a marketing pracé€ks usual goals in this process
are to build customer segments in ordeunalerstand how to best marketproduct orset of
productsto each customer gup. Thesetechniques gained popularity due to the fact that
businesses could avoid mass marketing and thus save on costs by havingatketing plan
customized to specifimarketing group (Collica 2007) This conceptis related to the objectives
of this research in that thdML population represents aqution of the NASSuser or customer
base It is important to better understand tN&IL operations withthe use otlustering in order
to better targetcommon groupings of operations to optimize building efforts

One immrtant aspect ofcluster analysis is the use of similarity or proximity measufes
accurately deipt the degree of closeness from one observatiamather, a quantitative measure

of distancemust be selectedor all variables usedn the analysisCommon measures of
similarity for categorical data often invohaalculating a similarity coefficierfor whether two
observations havihe same valuegor continuous datdhere are more options for measures of
distancerangingfromas i mpl e Eucl i dean distance toAcorrel
common situation is to have mixedode data, continuous and categoricad, which casea

similarity matrix isoftenused as a measure of proximity.



Variables used in cluster analysis most cases are not measured using the same units. For
example,continuous variableJotal Value of Production (TVP) and Cropland Harvested are
recorded using a diffené scale Therefore it would not make sensto treat measures of
distancethe samedr variables using different units. A common solution to this problem is to
standardize each continuous variable using the standard deviations calculated from the dataset.

2.1 Clustering techniques

There arenumeroustechniques availabldor cluster ankysis due to itswide range of
applicatiors. A popular approach to clustering to employhierarchical methodsall of which
use a series of partitions to arrive at the final number of clustbese are two categories of
hierardical clustering: agglomative and divisive In an agglomerative method, we start out
with n clusters and end with a single cluster containing all observatio@sdivisive method, a
single cluster with all observations is broken up until therenaesters Criteria areexanined

in either case to determine which set of clusters most appropriately distegjhishlata.

For purposes of this researthree aggimerative hierarchical methodgere evaluatedaverage

linkaggce nt r oi d, method In iVa averape linkagmethod, the distance between two

clusters A and B is the average of the distances between all observations in A and all
observations in BThe centroid method examines tkReiclidean distance between the mean
vectorsof two clustersto determine distanc&var d6s met hod seeks to mini
cluster error smn of squaresC o n s e g u e n tmetlyodselatta thedndinEmum betweefuster

distances before merging them.

Another approach to clustering is to use optimization techniqliéese technigueinvolve
maximizing or minimiing a set of numerical criteria order to produce a pigelected number
of cluseers One such popular meth@kamined is called the-kwieans methadOnce the number
of clustes k is preselected, various algorithms dependiog the software package are
performed so that the sum of squares within each cluster is minimized.

When working with larger data files, often it is easier to use astage clustering approach
Under this method, a pmduster stage is performed in ord® reduce a large data file into
cluster seeds-rom the cluster seeds, typically a hierarchical method is used to determine a final
number of clusterfOne major advantage of the tstage clustering approach is tlitabffers a
Euclidean distance measufor continuous variables as well as a likelihood function
categorical variables, making it convenient foixedmode dataOne criticalassumption for
using a twestage clustering approach is that all continuous variables follow the normal
distribuion.

Ani mportant aspect of cluster anRBdsytsmagvailys t ha
greatly depending on what methodemployedand how the data anesed The goal of the

researcher in using clusterchniques should be to prodyseacical results If the clusters that

resultfrom using any method cannot be linked to some form of useful interpretation with respect

to the subject matter, then the results are of no Aisguote by Dr. George Box accurately
describes our approache statd aboutst at i st i c al model s i n gener ¢



s o me ar .dherefrevieumusd be discriminating with resuiethat we may get some use
out ofthem

2.2 Data and software preparation

Of the 14,604 tracts in the 2007 JAS, there wieB&0 tracs utilized for this projectThese tracts
represerdd all of the NML operationsqualifying as farmsand thg expandedto a total of
361,687 farming operationsThe dataanalyzed came from 2007 Census of Agriculture
guestionnaires that were seatthese operations.

Starting with a data file with over 400 nables, criteriawere established in order to trim the
number of variableto a more appropriate list from whietsefulinterpretation could be drawn

If a variable had #arge numbepf misshg observations or vl zeros, we removed it from the
analysis For several specialty commodity variablekich were sparse with data but for which
we thought could be deterministi@.g. fruits, nuts, and livestock), indicator variables were
created to ecount for themlIf a variable displayed an unusually high correlation with another
variable, it wasalso removed Highly correlated variables have a tendency to skew cluster
formations in their direction, which in tugoncealsther variables that may lmeore significant

in the cluster formatiarAdditional subject matter knowledge and expertise weersl taremove
furthervariablesnot eliminated previously

A final list of 70 variables was arrived at for our analysisdroadrepresentation of the kinaf
variables used is shown in Table Ror a complete list of variables along with their descriptions,
see Appendix A.

Table 1.Types of variables used in cluster analysis

Operator expenditures Commodities raised
Farm Type Value of sales
OperatorDenographics Cropland

The SAS software package JMP wasitially used to examine orstage methodsThe
hierarchical methods as well asrleans clusteringvere testedt si ng J MP O.dtwgsr oc e du
very difficult to arrive atany form of interpretable regalfrom the onestage clustering methods

The sdtware struggled with the mixeshode data as well as the quantity of variables used as

inputs

The SAS Enterprise Miner data mining software package used to examine twstage tuster
methods For the Eterprise Miner twestage cluster proceduréhe first stage utilizedan
optimizationmethod and the final stage usadierarchical methodrhe kmeans method was
used for all analysis to make the cluster seeds and then the three hierarchical methssksddiscu
(averagdinkage centroi d, aweck peiarmedi@parataetyentthie sedond stage

Sincethe variablesin the studyare not all measured in the same units. @cres, dollars, etc),
they werestandardized by dividingy theirrespectivestandard deviatian This assured that no



additional weight wagjiven to variables with a larger scalevg transforms were used in order
for thepositively skewedontinuous variables to meet the normality assumptions

As previously statedhe clusterprocedure in Enterprise Meér useda k-means algorithm to
select the cluster seeds in the first stadge the second stagie smallest number of clussavas
selectedsuch that two constraints wemget The first was that at least two clusters and neemo
than the maximum number of clusters requested were prodlicedecond washat the cubic
clustering criteria(which testedthe hypothesis that all data afeom the same uniform
distribution)had tobe greater than the pset cutoff After the clustes were formedthey could

be further analyzed by using segment profiling in order to gain a greater understanding of the

variable values in each cluster.

3. RESULTS

The clustering was performed usitngetthree hierarchical methodstire second stageBoth the

centroid and theaverage linkage yielded a fivé i st er sol uti on whil e
three clusterresulA ¢l oser | ook at t he s chowddithatint wasi v e n

difficult to distinguishthe defining variable values-or eah clusteythe values for the variables
most important to that cluster were not distinctly separata fhmse ofthe other cluster This

madecharacterizing the clusters diffict o t he sol uti on from War dos

The two separatdive cluster solutiondrom the centroid and average linkage methadse
practially identical so either one coulthve beemsed for interpretatianrhis report will show
results from the centroid methodhe sizes of the clusters in terms of the numberaats and
expanded farms in each cluster are displayed in Tabku&her clustering results can be found
in Appendix B.

Table 2.Cluster sizesfor Centroid Method

Cluster 1 2 3 4 5 Total
Tracts 1,800 |1,783 588 323 316 4810
Expanded 158,687| 141,053 | 19,458 | 18,566 | 23,922 | 361,687
numberof farms

Cluster lis the largest gup andrepresentsan expanded number @imost 160,000 farm
operationslt is characterized by a high quantity of point farrAspoint farm is defined as an
operation thateportsless than $1,000 of sales, but kasugh agriculturenventoryto qualify as

a farming operationwhen compared to the overall NML population, this point farm cluster has
a much higher proportion of cattle, equine, and other livestock

One aspect thathe segment profiling examineih SAS Enterprise Miner ighe logworth
statistic which measures how well a variable partitions observations into a cl#siereach
cluster, the defining variables of the cluster are listed in order of their logwaltle Some
defining variables with a high gworth valuefor Cluster lincluded Total Value of Production
(TVP) and Farm ¥pe Figure 2shows the overall distribution of TVP as compared to the



operations in the point farms clust@rhe inner circle displays éhoverallNML population
distribution while the outer circle shows the cluster distribution

Segment Variahle
_OVERALL_

_SEGMENT_

Transformed TVP

Figure 2. Segment profile of TVPfor Cluster 1

Here the yellow indicates @otal Value of Productiomanging from $0 to $9Q0The blue
indicates values fror8900- $8,500 and the red represents values abovedB8It is clear from
this chart that @ster lin the outer ringor the point farm cluster has observations with a low
TVP relative to the overall NML population.

Cluster 2is slightly smaller than @kter 1 anctan be described as a group of operations that
represent the overall NML population closeMl variables examined for IGster 2 showed that
they werereflective ofthe overall NML populationDefining varables for this cluster include
Total Sales and Cropland afvested. This cluster is of relatively little use since it does not
distinguish any unique features of the NML.

Cluster 3can be described as the high value of sales clusber majority of the operations in
this cluster have high sales valueand thedefining variables are primarily sales variabdegh

as TVP and total sale$his group is much smaller than the previous two clusters with 588 tracts
representing over 19,000 operatiottscontains mainlyfull-time opemtors (primaity males)

who have been wolved in theoperation for more than 20 years
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Figure 3. Censusfinal farm value of sales for Quster 3

The discrepancy imalue of sales betweernuSter 3 and the overall NMpopulation is shown in
Figure 3 In theinner circle representing the NML population, the highest sales class displayed
ranges from $50,000 to $100,000 and is shown by the light Dheemajority of the outer circle,
representing the digbution of value of sales forlGster 3, shows that most the operations

have a sales class of greater t680,000 with several over $1,000,000.

Cluster 4 is characterized by operations that rented TEmese are ngily parttime operations
that have not been in operatitor alongtime. Its defining varables include Land Rented from
Others andow Dollar Value of Owned Land

Lastly, Cluster 5,the fifth and smallest cluster contains mostly operations that have idle
cropland Many operations in this cluster have haydbe cropland

A common practicence the clusters are formed is to exanalh@ariables of interest across the
clusters These variables of interest are not limited to ones used in the clustering procedures.
This can provide insight as to additional characteristics that each cluatempossess and
ultimately will aid in targeting a specific sgibup A total of 8 variables of interest were
examined across the clusters ranging from operator characteristics to geographic variables



Table 3. Part-Time operator status across cluers
Cluster 1 2 3 4 5
Number

Description Point Typical High Rented Idle
Farms NML Sales Land Cropland Total

Full-time 41,780 43049 12595 7,714 6,347 111488
Parttime 116907 98003 6,862 10851 17,574 250198
Total 158687 141,053 19458 18566 23921 361,687

Table 3showsthe expanded number of farms farbinary variable calle@artTime that tells
whetheran operator igull-time or parttime. Included with the cluster number is a description of

the clusterin terms of what best defines it from the NML segment profiling. Although the
description does not give the entire picture of the cluster, it is a way to attach a name to the
cluster that characterizes ilt can be seen thahe majority of the operatsracross the NML

tracts areparttime, 250,198 out of 361,68 However,the number ofull-time operatos within

Cluster 3 the highsales clustgris almost doublghat of parttime operators This variable
illustrates a good example of how differencan be identified by examining variables across the
clusters.Results for alvariables examined across clusteray be found in Appendix C.

3.1 CML vs. NML comparisons

After presenting results of thiggearch to the NASS List Framec8on, it was reemmended

that analysis be done to compare the clustersedfrom the NML recordsbove, to clustersn

the CML, formed using the same definitionResearch conducted by Eldridge (2007), compared
CML vs. NML for the 2002 Census for a number of charastes. His research identified the
characteristics of records on the NML and whether or not they were properly covered on the
CML. This section of the report intends to supplement the 2002 results with information from
the clustering to fine tune the CMilategories into other areas not previously explored.

Due to the amount of information needed to score cluster definitions to the CML, only
respondents from the 2007 Census were used. There were 1,517,338 of these records used from
the CML in this analysi. As opposed to using thenresponsaeighted totabf CML records

the unweighted recordsere utilized to avoid any potential effects of nonresp@tjastment

bias.
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Table 4 NML vs. CML by cluster

_ Cluster Number

2 3 ]
Description Typical NML  High Sales Idle Cropland
NML 141,053 19,458 23,922
numberof
farms
% of total 39.00 5.38 6.61
CML 386,643 806,280 226,092
numberof
farms
% of total 25.48 53.14 14.9

Table 4 displays the cluster definitions fittéo the 2007 CML along witthe original NML
number of farms used to make ttlasters. This analysis highlighteavhich areas of the CML
we aremissing most in proportion to the NMIA simple examination of the clusgewhen
applied to the CML showetha while the high sales cluster the NML looks concerning, over
40 times thenumberof operations arassigned tdhis cluster for the CML This indicateghat
high sales operatiorexe wellrepresented, making up over 53 peraanthe CML Highlighted

in green in ‘&ble 4,the point farns cluster showghatthere are roughly double the numbeir
operations in the NML than in théML within this cluster This cluster makes up over 43
percentof the btal NML while it accounts for only about 5 perceot the CML. Also
highlighted isthe rented land clusterWhile the number of farms in the NML is not much
greater for thigluster, it accounts for over 5 percent of the NML compared to over 1 peicent
the CML.

Just as specific variables were compareasx clusters for the NML population, 8 variables
were compared in the same way across the ClWHe results are shown in Appendix C.

Figure 4shows a comparisoof the CML vs. the NML acrossl@ster 3 for a variable called
Start Year The years on the tom indicatethe decadé¢hat theoperation started, i.€30 means
that an operation started in the 1930s and 0 means an operation began in th&r2ad@ise
data, it is clearthat a much larger pemtage of the NML population in IGster 3 began
operaing in the 2000sThis makes sense given that newer operations would bedifficalt to
capture on th€ML. However,informationsuch as this also providessaluable comparison of
the NML cluster to the CML. Histograms comparing the CML and NML resufty the
remaining variables are shown in Appendix D.
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Figure 4. NML vs. CML comparison of Start Year inl@ster 3
4. CONCLUSIONS

Analyzing varables across clusters gives ability to target multiple characteristics that are
specific to subgroups. df instance in the example of thd?arttime variable, adding more
knowledge of the high sales cluster can potentially make it easier for operators with those
characteristics to be found on an outside source listrarsjadded to the CML.

The efforts 6 the cluster analysis have yielded a combination of results, some of which were
known anecdotallyand some that provided new insights about NML operations. The use of this
exploratory technique allowed for the ability to use a wide variety of variablesder to gain
insight as to which operations on the NML are most similar and why. It was clear from our
results that all NML operations are not alike. It is useful to know the characteristics of clusters
within the NML and the relative size of the clustelrhrough efforts of examining the details
shown in this researclye hope to make improvements to the CML for the 2012 Census of
Agriculture.

5. RECOMMENDATIONS

1. Usecomparisons between the CML and NML by variable as a gauge for what is missing
on the CML and needs to be targeted for list building
2. Examine needed areas of CML list building using the results of the NML clusters across

variables examined and utilize this information to match to outside list sources

12
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Appendix A. Variables included in the cluspgpcedures

VARIABLE DESCRIPTION

EXP_K93 Principal Operateryear Began Operation

FARMTYPE

K1080 Possible Duplicate- Y/N?

K1086 Any Other Farnmt Y/N?

K1153 Any woodland crops, Y/N

K1157 Any woodland crops, Y/N

K1237 Any Other Livestock2Y/N

K1671 Type of Organization

K55 Principal County

K924 Principal Operator retired, Y/N

K925 Principal Operator age

K926 Principal Operatof sex

K927 Principal Operator Spanish Origin

K928 Principal Operator Principal Occupation

K9903 Reporting mode code

LOG_CALCPTS Calculated census points

LOG_CLANDNTR Norrag tract acres

LOG_CTRACTAC Ag tract acres

LOG_FARM_WT Tract to farm weight

LOG_K1021 Acres from Which All Hay & Forage was Harvested
LOG_K103 Alfalfa Hay Harvested, Acres

LOG_K106 Small Grain Hay Harvested, Acres

LOG_K1062 Cropland Idle or Used for Cover Crops, Acres
LOG_K1229 Layers table egg types Inventory

LOG_K1347 Total SalesNUPC (Not Under Production Contract)
LOG_K1501 Operator's (+LE) Expenditure for Commercial Fertilizer
LOG_K1503 Operator's (+LL) Expenditure for Seeds, Bulbs, Etc
LOG_K1506 Operator's (+LL) Expenditure for Feed

LOG_K1507 Operator's (+LL) Expenditure Dollars for Fuels and Oils
LOG_K1509 Operator's (+LL) Expendituref Supplies, Repairs, and
LOG_K1513 Operator's (+LL) Cash Rent Paid for Land & Buildings
LOG_K1517 Operator's (+LL) Property Taxes Paid

LOG_K1518 Operator's (+LL) All Other Production Expenses
LOG_K1520 Operator's Depreciation Expenses

LOG_K1540 Operators's (+LL) Total Production Expenses
LOG_K43 Land Owned, Acres

LOG_K44 Land Rented from Others, Acres

LOG_K45 Land Rented to Others, Acres

LOG_K46 Total Acres of Land in This Place

14



* LL = Landlord

LOG_K685
LOG_K787
LOG_K788
LOG_K790
LOG_K791
LOG_K794
LOG_K796

LOG_K797
LOG_K803
LOG_K805
LOG_K904
LOG_K996
LOG_TVP
LOG_TVPG

LOG_gfarmpnt

MOLNOLAC
STRATUM
gfarmdef
gfarmedt

gfarmtyp
gqgstrsps

mdemhisp

mdemoage
mdemosex
mdemrace

mfarmedt

ygstrsps

Livestock

Fruits nuts

Government Payments Received from CRP\MRP
Cropland Harvested, Acres

Cropland Used for Pasture, Acres

Cropland on Which All Crops Failed, Acres

Cropland in Summer Fallow, Acres

Woodland Pastured, Acres

Permanent Pasture and Rangeland (Name Change Only
from Other Pasture), Acres

All Other Land, Acres

Total Cattle and Calfinventory

Milk Cow--inventory

Duck Inventory

Dollar Value of Owned Land

Total value of production

Total value of production minus government payments
Area farm points

Overlap indicator

Area stratum

Area farm value of sales

Area edited farm value of sales = edited to include point
farms

Area type of farm

Area response code (helps identify refusals and
inaccessible)

Census Hispanic status

Census age of operator

Census gender

Census race indicator

Census final farm value of sales

Census response code

A binary variable indicating the presence of any one of
(K830, K892, K898, K1221, K916, K122K910, K908,
K820, K852, or K825)

A binary variable indicating the presence of any one of
(K1045, K121, K137, K299, K125, K368
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Appendix B. Centroid Cluster Results

o Tl e

Total NML Expansion
(361,687 Farms)

Variable Importance

Name Label Importance
Log_K1347 Trandormed Total Sales 1.0000
Log TVPG Transformed TVPG 0.9061
Log_TVP Transformed TVP 0.8377

Log 1501 Transformed Fertilizer Expenditures| 0.8336
Log K787 Transformed Cropland Harvested | 0.8333
Log CALCPTS Transformed Calculated Points 0.832

Our five clwster solution is shown in the chart above with the number of tracts as the top number
and the expanded number of farms in parenthekbisthe tableaboveare the variables that
defined the cluster breaks in order of their importance

Below are tables ahe variables that define each cluster in order of their log wadtthlowing
each table are graphic depictions of the distribution of each variable for that cluster.
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Cluster 1 Variable Importance Profile

Variable Label Log Worth Rank
Log TVPG Transformed TVPG 0.331 1
Log TVP Transformed TVP 0.304 2
Log K1347 Transformed Total Sales 0.300 3
Log CALCPTS | Transformed Calculated Points | 0.287 4
FARMTYPE Farm Type 0.135 5

0 T

Transformed TVPG

The red outlines show the total NML distribution across transformed Tie@as the blue represents
the cluster. The large bar on the left represents missing values.
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Percent

Percent

0

Total SalesNUPC

Transformed TVP

Transformed K1347
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40

Percent

204

" Transformed CALCPTS

Segment Variable
_OVERALL_

_SEGMENT_

Value = 13
Freq = 498

FARMTYPE
Farmiype 11 is Cattle and Calves

Farmiype 13 is Horse, Ponies, Mules, Burros and Donkeys
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Cluster 2 Variable Importanceddile

Variable Label Log Worth Rank
Log 1347 Transformed Total Sales 0.286 1
Log TVP Transformed TVP 0.286 2
Log TVPG Transformed TVPG 0.261 3
Log CALCPTS | Transformed Calculated Points | 0.153 4
Log 787 Transformed Cropland Harvesteq 0.086 5

40

30

Percent

20

Transformed K1347

404

30

Percent

20

Transformed TVP
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Percent

Percent

40+

304

204

Transformed TVPG

" Transformed CALCPTS
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Percent

Transformed K787

Cluster 3 Variable Importance Profile

Variable Label Log Worth Rank
Log K1347 Transformed Total Sales 0.131 1
Log TVP Transformed TVP 0.129 2
Log TVPG Transformed TVPG 0.129 3
Log K787 Transformed Cropland Harvesteq 0.125 4
Mfarmedt Census Mlue of Sales 0.124 5

Segment Variable
_OVERALL_

_SEGMENT_

Transformed K1347
Total SalesNUPC
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Value = 8500+
Freq = 561

Value = 900

8500+

Freq=24
. ,SEGMENT_,

Transformed TVP

Value = 8925+
Freq = 561

Seament Variahle
_OVERALL_
L _SEGMENT_

Transformed TVPG
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Value = 20+
Freq = 533

Segment Variahle
_OVERALL_
o _SEGMENT_

Transformed K787
G/ NRPLX FYR | I N¥WSailSRZ | ONBaé

Value =7
Freq =110

Segment Variable
_OVERALL_

Value =8
Freq = 144

_SEGMENT_

mfarmedt
G/ Syadza CAylIff6RBY =+ tdsS 27F ({
More than half of the cluster is above the $50,000 category

24



Cluster 4 Variable Importance Profile

Variable Label Log Worth Rank
Log K996 Transformed Land Owned Value| 0.0927 1
Log K43 Transformed Land Owned 0.0909 2
Log K1517 Transformed Property Taxes Pai{ 0.0656 3
Log_K44 Transformed Land Rented From | 0.0347 4
Log K1513 Transformed Cash Rent Paid 0.0146 5

0

Transformed K996 ‘

G5 2 fduk NDwnedILy R €

60

0 e

a[ b YR

Transformed K43
hGNESERES. !
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80

60

Percent

40

20

0

Transformed K1517
0Operator's (+LL) Property Taxes Raid

804

60+

Percent

204

0

Transformed K44
dLand Rented from Others, Acees
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80+

60+

Percent

Transformed K1513
oOperator's (+LL) Cash Rent Paid for Land & Buikdings

Cluster 5 Variable Importance Profile

Variable Label Log Worth Rank
Log K1062 TransformedCropland Idle 0.0505 1
Log_ K685 Transformed Government 0.0245 2
Payments Received
Gfarmtyp JAS farmtype 0.0156 3
FARMTYPE Farm Type 0.0156 4
Log K43 Transformed_and Owned 0.0106 5
| B I I -

ransformed K1062
GLRES / NRLX I YRE
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1004

80

60

Percent

40

20

0

Transformed K68
GD2 BSNY YSY lecdivedNE Sy il &vtw I YR 2 wt ¢

Value = 8
Freq =178

Segment Variable
_OVERALL_

_SEGMENT_

gfarmtyp

&lune Area Farm Typeé
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Value =8
Freq = 227

Segment Variahle
_OVERALL

_SEGMENT_

Value = 16
Freq =36

FARMTYPE

fiCensus Farm Typeo

29






