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Executive   Summary  

As  global  warming  and  climate  change  worsens  each  year,  there  is  an  increased  amount  of  concern                 

regarding  the  impact  of  weather  on  agriculture.  Climate  change  is  expected  to  not  only  cause  more  volatile                  

temperatures,   but   also   result   in   other   extreme   weather   conditions   such   as   droughts   and   floods.  

We  studied  and  analyzed  weather  trends  of  past  years  and  modeled  how  these  weather  factors  are                 

predicted  to  affect  soybean  yield  and  soybean  insurance  loss  in  Brown  County,  South  Dakota.  Since  soybean                 

insurance  loss  (indemnity)  is  calculated  with  yield  as  a  factor,  our  insurance  loss  model  is  dependent  on  the  yield                    

model.  

The  primary  weather  factors  that  have  an  impact  on  soybean  growth  cycles  and  development,  thus                

impacting  yield,  are  temperature,  rain,  and  drought.  On  the  other  hand,  excess  precipitation  and  drought  are  the                  

primary  factors  that  impact  soybean  insurance  loss.  Given  these  weather  factors,  we  created  models  to  project                 

changes   in   soybean   yield   and   insurance   loss   by   the   year   2050.   

Throughout  our  paper,  we  assumed  that  agricultural  technology  advancements  will  continue  to  grow,              

creating  an  upwards  trend  in  soybean  yield  when  not  accounting  for  weather  impacts.  Several  other  important                 

assumptions  were  that  soybeans  have  a  four  to  five  month  growing  season  (assuming  that  they’re  grown  in                  

mid-May   and   would   be   harvested   by   October)   and   that   the   projected   price   of   soybeans   is   $10/BU.  

The  data  used  in  our  model  was  primarily  from  the  US  Department  of  Agriculture  Risk  Management                 

Agency  (USDA  RMA)  and  the  National  Oceanic  and  Atmospheric  Administration  (NOAA),  among  other  sources.  All                

of   our   primary   sources   were   from   government   or   government   associated   databases,   validating   their   credibility.   

While  we  assumed  drought  to  remain  relatively  constant  by  2050,  the  increase  in  temperature  and                

precipitation  would  result  in  a  9.439  BU/acre  yield  decrease  under  the  RCP4.5  scenario  (assuming  lower  emissions),                 

and  a  13.753  BU/acre  yield  decrease  under  the  RCP8.5  scenario  (assuming  higher  emissions).  Although  yield  shows                 

a  continued  upwards  trend,  the  projected  increases  in  extreme  precipitation  will  result  in  a  projected  $0.24                 

BU/acre@unit  price  additional  insurance  loss  increase  under  the  low  emission  scenario  and  a  $0.30  BU/acre@unit                

price   additional   insurance   loss   increase   under   the   higher   emission   scenario.  

This  insurance  loss  will  impact  both  farmers,  who  will  suffer  from  losses  in  crop  yields,  and  insurance                  

companies,  who  must  cover  a  certain  percentage  of  their  loss.  Furthermore,  the  government  may  be  impacted  by                  

the  reduced  incomes  of  farmers  as  they  will  receive  lower  income  tax  revenue.  Companies  dependent  on  soybeans,                  

in  particular  those  that  produce  animal  meal,  would  be  impacted  as  well.  To  mitigate  risks  for  these  organizations,                   

we  encourage  all  farmers  to  purchase  insurance  and  implement  infrastructure  that  can  improve  soybean  yield,  and                 

encourage  insurance  companies  to  develop  pricing  models  that  reward  farmers  that  upgrade  their  infrastructure               

with  consideration  of  higher  risk  weather  changes  and  use  temperature  and  precipitation  tolerant  plants.               

Moreover,  we  recommend  the  government  to  provide  farmers  with  subsidies  to  alleviate  economic  burden  in                

purchasing  insurance  or  redesigning  infrastructure.  The  government  can  also  encourage  the  continuance  of              

technological  development—  specifically,  technology  that  enhances  soybeans’  resistance  to  weather  fluctuations.            

They  should  also  consider  implementing  public  policy  changes  to  reduce  carbon  emissions  and  temperature               

augmentations   that   decrease   yield.   
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Background   Information  

The  US  is  the  primary  producer  of  soybeans  in  the  world  and  the  second  foremost  exporter.  Soybeans  are                   

one  of  the  major  crops  grown  in  the  US  and  accounts  for  90%  of  oilseed  production  (USDA,  “Soybeans  &  Oil                     

Crops.”).   They   are   integral   to   both   US   agriculture   and   the   economy.   

South  Dakota’s  economy  largely  depends  on  soybeans;  in  2018,  the  value  of  production  of  soybeans                

amounted  to  $2,066,274,000,  second  only  to  the  value  of  production  of  corn  (USDA  NASS,  “2018  State  Agriculture                  

Overview”).  In  Brown  County,  South  Dakota,  soybeans  are  one  of  the  primary  crops  grown.  In  2017,  381,167  acres                   

of  soybeans  were  planted,  surpassing  the  total  acres  of  corn  planted  that  year  by  16.09%  (USDA  NASS,  “Brown                   

County   South   Dakota”).  

 Soybeans  are  typically  planted  in  Brown  County  around  May  and  harvested  around  October.  During  this                

time  period,  they  undergo  two  major  growing  phases:  the  vegetative  growth  phase  and  the  reproductive  phase.                 

The  vegetative  growth  cycle  is  characterized  by  initial  growth  and  development  of  the  roots  (V1-V7),  while  the                  

reproductive  phase  is  characterized  by  flowering  and  pod  formation  (R1-R8).  The  total  cycle  of  soybean                

development   and   maturation   lasts   around   four   to   five   months   (Casteel,   Shaun,   2010-2011).   

 

During   the   summer,   Brown  

County   usually   has   an   average  

temperature   of   60   to   70   degrees  

Fahrenheit   (F),   which   is   the   optimal  

growing   temperature   for   soybeans,   and  

receives   a   monthly   average   of   3   inches   of  

rain.   The   wettest   month   is   in   June,   and   the  

hottest   month   is   in   July   (Figure   1).   

In  recent  years,  climate  variability      

throughout  the  world  has  increased.  These       

effects  are  prominent  in  South  Dakota  due        

to  its  far  distance  from  major  bodies  of         

water  that  can  regulate  dramatic  weather       

changes  (Frankson,  R.,  K.  Kunkel,  S.       

Champion,  and  D.  Easterling,  2017)  often       

manifesting  as  extreme  drought  or      

flooding.  As  a  result,  these  factors  have  a         

significant  effect  on  the  annual  yield  of        

soybeans.   

  

Figure  1.  Brown  county  average  precipitation  (top)  and  average          

temperature   (bottom).  

In  fact,  under  the  RCP4.5  scenario,  the  average  temperature  in  Brown  County  is  expected  to  increase  by                  

4.05  degrees  F.  Under  the  RCP8.5  scenario,  the  average  temperature  is  expected  to  increase  by  5.1  degrees  F  (Vose                    

R.S.  et  al.,  2017).  Moreover,  daily  extreme  precipitation  occurrences  are  projected  to  increase  by  about  8%  under                  

the  RCP4.5  scenario  and  by  10%  under  the  RCP8.5  scenario  (Easterling,  D.R.  et  al.,  2017).  Conversely,  average                  

precipitation  values  are  expected  to  increase  by  5%  under  the  high  emission  scenario ( U.S  Department  of                 

Commerce,   “Regional   Climate   Trends   and   Scenarios   for   the   U.S.   National   Climate   Assessment.”).  

Climate  factors  also  indirectly  impact  soybean  yield  by  affecting  the  soil  inhabited  rhizobia,  a  bacterium                

that  develops  a  symbiotic  relationship  with  the  soybean  plant  by  providing  it  with  a  usable  source  of  nitrogen.                   
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Fixing  nitrogen  through  a  process  called  nodulation  gives  the  plant  a  steady  nutrient  source.  When  rhizobia  are  not                   

in  favorable  conditions,  its  ability  to  fix  nitrogen  is  impacted.  As  a  result,  the  soybean  yield  is  affected  due  to                     

hindrances   during   growth.  

Other  non-climate  related  factors  that  can  negatively  affect  soybean  production  include  herbicides  used  to               

control  weed  growth  and  insects  that  eat  away  at  the  crop.  However,  the  somewhat  recent  introduction  of                  

genetically  modified  soybeans  provides  a  solution  directly  addressing  these  two  non-climate  related  factors.  These               

genetically  modified  soybeans  allow  for  herbicide  tolerance  and  insect  resistance,  moderating  the  impact  of               

non-climate   related   factors   on   soybean   yield.   

The  variability  of  the  aforementioned  crop  yields  increases  the  importance  and  usefulness  of  crop               

insurance  as  a  tool  because  it  allows  farmers  to  recover  from  significant  losses.  Many  crop  insurance  policies  for                   

soybeans  exist.  In  the  last  10  years,  most  farmers  purchased  revenue  protection  in  Brown  County  (USDA  RMA,                  

“Cause  of  Loss  Historical  Data  Files”).  The  indemnity  for  revenue  protection  insurance  is  calculated  in  the  following                  

way:   

● In   March,   a   projected   price   is   announced,   setting   the   base   price   for   soybeans  

● When  farmers  buy  insurance,  the  coverage  percentage  level  selected  is  used  to  calculate  how  much                

compensation   the   farmer   receives  

● The  estimated  soybean  bushel  per  acre  (BU/acre)  yield  is  set  when  insurance  is  purchased,  which  is  based                  

on   historic   yield   in   the   area  

● In   November,   the   harvest   price   is   settled   based   on   the   actual   soybean   price   in   October  

● The   actual   BU/acre   yield   is   finalized   in   October   when   soybeans   are   harvested  

● Thus,  per  acre  indemnity  =  coverage  level  *  estimated  yield  *  projected  price  -  harvest  yield  *  harvest                   

price  

From  this  process  of  calculating  insurance,  it  is  evident  that  yield  plays  a  large  role  in  determining  the  final                    

insurance   loss.   

 

Datasets   used   in   this   report   come   mainly   from   the   following   sources:  

● United   States   Department   of   Agriculture   Risk   Management   Agency   (USDA   RMA)  

● USDA   National   Agricultural   Statistics   Service   (USDA   NASS)  

● United   States   Drought   Monitor   

● National   Oceanic   and   Atmospheric   Administration   (NOAA)  
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Data   Methodology  

Summary   of   assumptions   made   and   data   used  

 Assumptions   made   in   this   project  

1.  The   yield   model   output   uses   a   unit   of   BU/acre.   The   insurance   model   output   uses   a   unit   of   dollars/acre@  
unit   soybean   price.  

2.  Soybeans   are   usually   planted   during   mid-May,   following   the   last   Spring   frost   in   Brown   County.   Thus,   they  
are   harvested   around   October.  

3.  Soybean   price   fluctuates   due   to   both   weather   and   non-weather   factors.  
Projected   price   is   assumed   to   be   $10/BU   for   simple   calculations   (based   on   recent   years’   soybean   prices).  

4.  Soybean   yield   is   always   trending   upwards   due   to   technological   advancements.  

5.  The   weekly   weighted   average   rain   value   can   model   excess   rain.  

6.  One   standard   deviation   under   the   average   monthly   rain   is   considered   rain   deficit.  

 

In  order  to  understand  the  weather  impact  on  both  agricultural  and  insurance  policy,  we  created  two                 

models:  one  to  model  the  impact  of  weather  on  soybean  yield  and  the  other  to  model  the  impact  of  weather  and                      

yield  on  insurance  loss.  The  insurance  loss  model  is  dependent  on  the  yield  model  because  of  the  way  insurance  is                     

calculated.  

Data   Collection  

To  understand  which  weather  factors      

should  be  used  for  the  data  model,  we         

analyzed  insurance  data  and  studied      

soybean  growth  cycles.  The  USDA  RMA       

Cause  of  Loss  file  (USDA  RMA,  “Cause  of         

Loss  Historical  Data  Files.”)  provides  a       

data  set  with  information  about  the       

specific  cause,  month,  and  amount  of       

insurance  loss.  To  find  the  most       

significant  causes  of  insurance  loss,  we       

created  two  summary  charts  (Figure  2,       

Figure   3).   

 

Figure  2.  Cause  of  Insurance  Loss       

(1991-2018)  

 

Excess  moisture/precipitation  is  the  greatest  cause  of  loss,  accounting  for  64%  of  the  loss  from  1991-2018                 

(Figure  2).  Excess  moisture/precipitation  is  categorized  separately  from  flood.  Excess  moisture/precipitation            

indicates  elevated  soil  moisture  levels  due  to  moderate  amounts  of  rain  for  a  long  period  of  time.  Flood  indicates                    

extreme  rain  that  completely  submerges  the  land  in  water.  While  excess  moisture/precipitation  was  the  main  cause                 
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of  loss,  flood  showed  to  have  minimal  insurance  losses,  which  is  why  flood  was  not  considered  as  a  factor  in  our                      

model.  The  second  largest  cause  of  loss,  drought,  accounts  for  14%  of  the  total  insurance  loss.  Together,  these  two                    

causes  of  loss  account  for  78%  of  the  total  insurance  loss.  Thus,  all  other  weather  related  losses  are  comparatively                    

insignificant   to   insurance   loss.   

 Most  insurance  loss  due  to  excess        

moisture/precipitation  and  drought    

occurs  from  May  to  August  (Figure  3).        

From  September  to  November,  there  is  a        

substantial  insurance  loss  coming  from      

“decline  in  price.”  This  is  due  to  the  way          

in  which  soybean  insurance  is  calculated.       

In  October  each  year, around  when  the        

soybean  growing  season  ends,  the      

harvest  price  and  that  year’s  yield  are        

settled.   

Figure   3.   Monthly   Breakdown   of   main   causes   of   insurance   loss   (1991-2018),   excess   precipitation   and   drought.  

Revenue  protection  insurance  calculates:  coverage  level  *  projected  yield  *  projected  price  determined  in               

March  -  harvest  yield  *  harvest  price.  The  insurance  company  must  pay  the  difference  of  this  value.  Soybean  prices                    

may  fluctuate  dramatically  due  to  non-weather  related  factors—  for  example,  global  demand,  tariffs,  etc.  The                

variability  of  soybean  prices  is  out  of  the  scope  of  this  project  and  was  thus  excluded  from  our  model.  We  assumed                      

the   projected   price   and   harvest   price   to   be   kept   at   $10   every   year,   based   on   the   average   prices   in   recent   years.  

Therefore,  excess  precipitation  and  drought  are  two  weather  factors  that  we  considered  in  our  model  for                 

soybean  yield  and  insurance  loss.  To  further  identify  the  most  relevant  pieces  of  information  we  should                 

extrapolate,   we   studied   weather   impacts   on   the   soybean   growth   cycle.  

Rainfall  is  important  to  soybean  yield  because  it  allows  the  soil  to  become  more  moist.  Soil  moisture  is                   

especially  important  immediately  following  their  planting;  during  germination,  soil  water  content  must  equal  about               

50%  of  the  seed’s  weight.  Moisture  is  also  particularly  important  during  reproductive  stages  of  development                

(Casteel,  Shaun,  2010-2011).  Soybeans  are  typically  planted  after  the  last  Spring  frost,  around  mid-May  in  Brown                 

County  (“Planting  Recommendations,”  n.d.).  They  will  reach  reproductive  stages  in  July  and  progress  in  these  stages                 

through   August.   Therefore,   precipitation   levels   are   especially   important   in   the   summer   months   of   June   to   August.  

Furthermore,  temperature  may  impact  soybean  yield  by  stressing  and  weakening  the  crop,  increasing  its               

vulnerability  to  destruction.  During  the  fifth  reproductive  stage  of  soybean  growth  (R5),  the  crop  is  particularly                 

vulnerable  to  temperature  stress  (Reese,  Matt,  2017).  The  R5  stage  usually  occurs  in  August  (Casteel,  Shaun,                 

2010-2011),   indicating   that   temperature   is   an   important   factor   during   this   month.  

Not  only  does  temperature  directly  affect  the  soybean  crop,  but  it  also  impacts  the  nitrogen  fixation  of                  

rhizobia  to  soybeans  (nodulation),  providing  less  favorable  conditions  for  this  symbiotic  bacteria  (Zahran,  H  H.,                

1999).  During  the  last  stage  of  the  soybean  vegetative  growth  cycle  (V5)  in  particular,  nodulation  is  especially                  

critical  to  the  development  of  soybeans.  Compared  to  complete  node  removal  in  earlier  stages  of  the  soybean’s                  

vegetative  growth  such  as  V2,  complete  node  removal  during  V5  results  in  almost  a  50%  decrease  in  maximum                   

yield  (Casteel,  Shaun,  2010-2011).  During  early  stages  of  reproductive  development  (R1,  R2),  nodulation  is  also  very                 

important  to  soybean  yield.  However,  extreme  temperatures  result  in  less  efficient  nodulation  of  rhizobia  (Zahran,                

H  H.,  1999).  Thus,  since  soybeans  reach  the  last  stage  of  their  vegetative  growth  cycle  in  early  July,  and  enter                     

reproductive   stages   in   mid-July,   this   month   is   an   important   factor   in   modeling   yield.  

Given  that  temperature  most  directly  and  dramatically  impacts  soybean  production  in  August  and  July,  we                

primarily   focused   on   temperature   values   during   these   two   months   in   our   yield   model.   

Drought  is  another  factor  that  heavily  affects  soil  moisture,  or  the  lack  thereof.  Similar  to  how  rhizobia  are                   

sensitive  to  temperature  changes,  they  are  highly  sensitive  to  changes  in  soil  moisture  as  well,  which  is  primarily                   

impacted  by  drought.  The  optimal  soil  moisture  for  effective  nitrogen  fixation  is  17%  water  content  (Sprent,  Janet                  
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I.,  2006).  When  soil  moisture  levels  are  low,  rhizobia  respond  to  this  low  water  potential  by  undergoing                  

morphological  changes  (Zahran,  H  H.,  1999).  These  changes  result  in  an  overall  reduction  of  nodulation,  again                 

inhibiting  proper  development  of  soybeans  and  thus  impacting  yield.  Water  stress  due  to  insufficient  moisture                

affects  nodulation  primarily  during  the  soybean’s  entire  vegetative  growth  period,  which  begins  in  May  and  lasts                 

through  early  July.  However,  drought  also  affects  proper  soybean  nodulation  and  development  during  its               

reproductive  phase,  which  usually  begins  in  mid-July  and  lasts  through  August.  Therefore,  the  period  from  May  to                  

August   includes   the   most   significant   months   affected   by   drought.  

We  retrieved  the  monthly  precipitation  and  temperature  data  (2000-2019)  for  Brown  County  from  NOAA.               

When  gathering  drought  data,  we  were  faced  with  several  indexes  representing  drought  values.  The  main  ones                 

were  the  Palmer  Modified  Drought  Index  (PMDI)  and  the  Drought  Severity  Coverage  Index  (DSCI).  We  chose  to  use                   

the  DSCI  data  over  the  PMDI  data  because  it  was  available  at  the  county  level,  while  PMDI  data  was  only  available                      

at  the  state  level.  South  Dakota  is  a  large  state  with  climate  variations  from  county  to  county,  so  statewide  drought                     

indexes   would   not   necessarily   be   an   accurate   representation   of   the   drought   index   in   specifically   Brown   County.   

Data   Pre-processing  

Additional  data  pre-processing  was  required  to  further  filter  and  adjust  the  data  for  use  in  the  model.  In                   

analyzing  loss  due  to  precipitation,  it  is  important  to  note  that  a  decrease  in  precipitation  results  in  inadequate  soil                    

moisture,  slowing  or  hindering  soybean  growth;  on  the  other  hand,  too  much  rain  can  also  cause  crop  damage.  In                    

fact,  when  fields  contain  excess  water  for  more  than  seven  days, 17%-43%  damage  to  the  soybean  root  may  occur;                    

beyond   that   point,   the   plant   will   not   recover   (Staton,   Mike,   and   Michigan   State   University,   2019).   

Thus,  we  took  a  slightly  different  approach  in  incorporating  precipitation  data  to  our  insurance  model.  The                 

primary  cause  of  loss  was  due  to excess  precipitation;  to  define  what  the  excess  precipitation  was,  we  used  daily                    

precipitation  values  from  NOAA  to  compute  a  weighted  cumulative  rain  value  across  seven  days.  This  value  was                  

calculated   by   weighing   the   current   day   and   the   previous   seven   days   of   precipitation   and   adding   them   together.   

  =    cumulative rain value (r)D0 .3D .2D  D0 + 0.8D­1 + 0.7D­2 + 0.6D­3 + 0.5D­4 + 0.4D­5 + 0 ­6 + 0 ­7  

is n days before the current day (D )  D­n  0  

This  cumulative  rain  value  takes  into  account  any  evaporation  or  runoff  from  the  days  before  by                 

multiplying  precipitation  values  from  previous  days  by  lower  coefficients,  allowing  us  to  calculate  a  more  accurate                 

value  of  how  severe  the  rainfall  is  since,  for  the  most  part,  only  rainfall  over  a  consecutive  number  of  days  may                      

result  in excess  precipitation.  We  determined  any  cumulative  rain  value  of  over  3  inches  to  be  considered  excess                   

and  severe.  Thus,  only  occurrences  of  cumulative  rain  values  over  3  inches  from  May  to  August  were  summed  into                    

the   annual   excess   rain   value   and   inputted   as   parameters   in   our   model.  

In  order  to  model  rain  deficits  in  a  certain  month,  we  processed  the  data  so  that  if  the  monthly                    

precipitation  was  one  standard  deviation  below  the  average  rain  value,  we  would  include  the  value  in  the  dataset                   

(R current  -  R average ).  If  the  monthly  precipitation  was  within  one  standard  deviation  of  the  average,  the  month’s  rain                   

value   would   be   set   to   0.   This   modified   dataset   was   included   in   the   model   from   the   months   of   June   to   August.  

Data   Normalization  

To  filter  out  external  factors  in  the  dataset,  it  is  important  to  normalize  the  data.  The  RMA  Report                   

Generator  provides  insurance  loss  data  for  Brown  County.  To  understand  loss,  the  most  important  data  for                 

extrapolation  would  be  the  insurance  loss  (indemnity  paid),  the  insurance  coverage  percent,  and  the  acres  of                 

insured  soybeans  planted.  Based  on  how  insurance  loss  is  calculated,  each  year  the  projected  and  harvest  prices                  

are  required  to  calculate  indemnity.  The  2000-2019  soybean  projected  and  harvest  prices  were  found  (“Crop                

Insurance  Pricing,”  n.d.),  a  necessary  parameter  for  our  model.  Because  harvest  prices  are  settled  after  harvest  in                  

September  and  our  model  focuses  on  weather/yield  impacts  from  May  to  August,  we  assume  harvest  price  to  be                   

the   same   as   projected   price   to   simplify   our   model.   The   formula   below   was   used   for   normalization.  
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   =     insurance   loss   (dollars/acre   @   unit   price) 
Indemnity

Acreage of  insured   Projected price*
 

By  recalculating  the  insurance  loss  data,  we  are  able  to           

remove  variation  seen  in  raw  insurance  loss  data,  thus          

providing  us  with  a  normalized  value  to  correlate  with          

yield/weather  factors  in  our  model.  To  estimate  the         

actual  cost  of  insurance,  the  model’s  result  must  be          

multiplied  by  the  given  year’s  projected  price.  We  used          

the  rounded  average  projected  price  from  the  most         

recent  years  ($10  BU/acre)  as  a  reference  price  to          

calculate   insurance   cost.  

Figure  4.  Usage  of  genetically  engineered  crops        

(1996-2019)    ("Recent   Trends   in   GE   Adoption,"   n.d.).  

Another  factor  that  we  accounted  for  was  technology  improvements  over  the  year,  which  may  mitigate                

some  losses  and  improve  yield.  Across  the  years,  soybean  yield  experiences  an  upwards  trend,  likely  due  to  this                   

development  of  technology.  Since  changes  in  technology  is  a  non-weather  related  factor,  yield  impact  due  to  this                  

factor   must   be   removed   to   analyze   yield   changes   due   to   weather   factors   alone.  

In   1996,   genetically   modified   soybeans   were   introduced   and   quickly   adopted   by   US   farmers.  

From  1996  to  2004,  the  amount  of  soybeans  that  were  genetically  modified  in  the  US  increased  dramatically,                  

saturating   around   2005   (Figure   4).   

These  genetically  modified  soybeans  rule  out  several  non-climate  related  factors  by  providing  the              

soybeans  with  herbicide  tolerance  and  insect  resistance.  To  predict  future  yields,  it  would  be  most  reasonable  to                  

construct   a   yield   trendline   that   most   accurately   reflects   current   technological   circumstances.   

In  constructing  the  trendline,  instead  of       

using  a  line  of  best  fit,  we  carefully  reviewed  each           

year’s  insurance  loss  and  picked  the  years  that  had          

the  least  insurance  loss.  We  considered  these  years,         

1981,  2005,  and  2014,  to  most  accurately  represent         

soybean  yields  without  great  impact  from  both        

climate  related  and  non-climate  related  factors       

because  of  minimal  insurance  loss.  Thus,  two  lines         

with  different  slopes  were  created  between  these        

points  and  used  to  construct  the  trend  lines  (Figure          

5).  The  first  slope  (line  between  1981  and  2005)          

reflects  the  trend  from  the  introduction  of  genetically         

modified  soybeans  to  when  the  percentage  of        

genetically  modified  soybeans  saturated,  while  the       

second  slope  (between  2005  and  2014),  reflects  the         

trend   after   their   saturation.   These   trend   lines   serve   as  Figure   5.   Soybean   Yield   Trend   (1979-2018).  

a   base   trend   of   soybean   yield   without   significant   impact  

from   external   factors.   When   inputted   to   our   model,   the   

other   parameters   will   adjust   the   yield   output.   
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The   following   data   was   used   to   create   our   models.  

Data   set  Source  Data   Pre-Process    Method  Unit  

Monthly   precipitation   (June   to   August,   1991-2018)    
 
 
NOAA   (NOAA   National   Centers  
for   Environmental   information,  
“Climate   at   a   Glance:   Global  
Mapping”)  

N/A  inch  

Monthly   temperature   (July   and   August,   1991-2018)  N/A  F  

Monthly   rain   deficit   (June   to   August,   1991-2018)  If   above   1   sigma   from   average,   set  
to   zero,   else   set   to   average-monthly  

inch  

Daily   rain   (May   to   August,   2000-2018)  Weighted   average,   cumulative  
value   over   the   previous   7   days  

inch  

Monthly   aggregated   DSCI   (Drought   severity   coverage  

index)   value   (May   to   August,   2000-2018)  

United   States   Drought   Monitor  

(“Tabular   Data   Archive”,   n.d.)  

Aggregated   May   to   August   values  
for   each   year  

N/A  

Insurance   loss   (1991-2018)  

Total   and   per   category  

USDA   RMA   (USDA   RMA,   “Cause  

of   Loss   Historical   Data   Files.”)  

Normalized   to   loss   per   acre   @   unit  
soybean   price  

$/acre@  
unit   price  

Soybean   Yield   from   1979-2018  USDA   NASS   (USDA/NASS,  

“USDA/NASS   QuickStats  

Ad-Hoc   Query   Tool.”)  

N/A,   used   to   calculate   yield   trends  BU/acre  

Yield   trend  Yield   trend   is   estimated   to   remove  
non-weather   related   factors  

BU/acre  

Math   Methodology  

We  gathered  data  and  pre-processed  them  before  running  linear  regressions.  Not  all  datasets  are  available                

for  every  year  and  we  were  only  able  to  obtain  complete  data  sets  from  2000  to  2018.  We  initially  performed  a                      

regression  using  data  from  2005  to  2018,  using  the  second  trend  we  created.  We  then  applied  the  created  model  to                     

the   years   2000   to   2004—   using   the   first   trend   created—   to   verify   and   validate   the   model.  

To  further  check  our  model,  we  examined  the  regression  output.  We  checked  if  the  R-squared  values  were                  

at  least  0.8.  Moreover,  to  see  which  datasets  were  not  relevant  to  our  output,  we  checked  if  the  p-values  were  less                      

than  0.10.  In  the  process  of  minimizing  p-values  and  maximizing  R-squared  values,  we  modified  the  model  before                  

beginning  a  new  round  of  regression  by  doing         

the  following:  we  removed  datasets  with  larger        

p-values,  we  squared  certain  parameters  to       

create  a  second  order  input,  and  we  removed         

some   extreme   outliers   in   the   datasets.  

 In  addition  to  checking  the  R-squared  and         

p-values  of  our  model,  we  also  checked  the         

Mean  Absolute  Percentage  Error  (MAPE)  to       

avoid  issues  seen  in  Anscombe’s  Quartet.  This        

process  was  repeated  until  a  model  with        

acceptable  statistical  outputs  was  created;  we       

then  applied  the  model  to  the  years  2000  to          

2004  and  checked  if  the  statistical  outputs        

were  reasonable  for  that  set  of  data  as  well.          

This  process  can  be  illustrated  by  the  following         

chart   (Figure   6).  

 

Figure   6.    Diagram   of   math   methodology   for   this   paper.  
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Modeling   Soybean   Yield  

Our  final  model  has  an  R-squared  value  of         

approximately  0.85687  and  an  adjusted  R-squared  value  of         

approximately  0.75667.  The  adjusted  R-squared  is  a        

recalculated  version  of  the  R-squared  value  taking  into  account          

the  number  of  parameters  and  removing  some  aspects  of          

chance  that  could  increase  the  R-squared  value.  In  most  cases,           

higher  adjusted  R-squared  values  indicate  a  more  accurate         

model.  Furthermore,  all  of  our  p-values  are  less  than  0.1  and            

the  majority  are  less  than  0.02,  suggesting  that  the  parameters           

we  included  were  relevant  to  our  model  and  had  a  statistical            

impact  on  the  outcome  (Figure  7).  The  MAPE  is  3.79%,           

indicating  a  precise  prediction.  Many  of  the  original  datasets          

inputted  turned  out  to  not  particularly  correlate  with  yield.  The           

final  parameters  used  were:  DSCI  values,  June  rain  deficit,  July           

and   August   average   rain   as   well   as   its   second   order   data,   and             Figure   7.   Regression   result   of   yield   model.  

July   and   August   average   temperature   as   well   as   its   second   order   

data.   The   result   is   as   follows.   

­ 690.49 .02518Tr .00295D .11299RD .10344R .74795R 8.3899T .34862T  y︿ = 1 + 1 ­ 0 ­ 3 6 + 9 78 ­ 1 78
2 + 4 78 ­ 0 78

2  

ield (BU acre), Tr rend (BU acre), D SCI  index, une s rain  def icit to June s average  (inch)  y︿ = y /   = t /   = D  RD6 = J ′ ′  

verage July August rain(inch), T verage July August temperature (F )  R78 = A /   78 = A /  

 

 

 
Figure   8.   Soybean   actual   yield   (blue)   vs   estimated   yield   (gray).   
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Modeling   insurance   loss  

For   our   insurance   loss   model,   the   loss   was   modeled   against   crop   yield   and   weather   factors.   

After  multiple  rounds  of  regression,  we  removed        

some  parameters,  such  as  temperature/DSCI  due  to  large         

p-values,  indicating  less  correlation  with  loss.  We  found         

that  these  parameters  had  a  close  relationship  with  overall          

insurance  loss:  change  in  yield  between  the  trend         

(expected)  yield  and  the  actual  yield  and  excess  rain  (more           

than  3  inches  of  weekly  weighted,  cumulative  rain).  Given          

that  our  yield  model  (factored  into  loss  model)  includes          

temperature,   precipitation,   and   DSCI   values,   we   speculated         Figure   9.   Regression   Insurance   Model.  

that   these   parameters   did   not   have   to   be   included   in   our   

loss   model   as   well.   

In  our  final  insurance  loss  model,  the  R-squared  value  is  0.83797  and  p-values  for  the  yield  delta  and                   

excess   rain   parameters   are   very   low   (Figure   9).      The   result   is   below.  

 

­ .85191 .35107Y .06367E  I
︿
= 0 + 0 + 0  

nsurance loss (Dollar per acre @ unit projected soybean price)I
︿
= I  

ield shortage between trend and actual yield of  the year (BU acre)  Y = Y /  

xcess Rain (inch) ( Rain over 3inch weighted cumulative weekly)E = E  

 

Figure   10.   Insurance   Loss   Model:   Actual   insurance   loss   vs   Estimated   loss.   

The  model  provides  more  precise  predictions  during  years  with  higher  loss  than  with  years  with  lower  loss                  

(Figure  10).  This  is  possibly  due  to  the  fact  that  lower  loss  means  inputs  closer  to  zero;  when  input  values  are                      

smaller,   they   are   more   sensitive   to   change   and   deviation.  
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Result   Analysis  

Below  is  the  analysis  of  how  changes  to  each  parameter  affects  soybean  yield  or  insurance  loss  based  on                   

our   two   models   derived   above.  

Yield   vs   Aggregated   DSCI   (May-Aug)  

Using  averaged  data  from  2000-2018  for  our  parameters  and  only  keeping  the  DSCI  value  as  a  variable,  we                   

can   derive   a   function   for   drought   vs   yield,   which   has   a   linear   relationship.  

0.2186 .00295D  y︿ = 4 ­ 0  

  ield (BU acre)  y︿ = y / ggregated DSCI  (May to August)  D = a  

This  function  shows  that  a  change  in  DSCI  of  1000  units  would  decrease  annual  yield  by  2.95  BU/acre.  As  a                     

reference,  the  weekly  average  DSCI  value  is  about  54.7  units,  and  the  worst  DSCI  value  in  our  dataset  is  323  units.                      

An  increase  in  1000  units  of  the  DSCI  value  would  mean  an  additional  3.10  weeks  of  worst  case  drought,  and  it  will                       

cause   a   yield   reduction   of   2.95   BU/acre.  

Yield   vs   June   Precipitation   Deficit  

Using  averaged  data  for  other  parameters  and  only  keeping  the  June  precipitation  deficit  as  a  variable,  we                  

can   derive   a   function   for   the   June   rain   deficit   vs   yield,   which   has   a   linear   relationship   as   well.  

­ .11299RD 5.7653  y︿ = 3 6 + 3  

   ield (BU acre)  y︿ = y / une rain def icit (inch)RD6 = J  

The  coefficient  of  June  precipitation  deficit  is  -3.11299.  Thus,  1  more  inch  of  June’s  rain  at  least  one  sigma                    

under   its   monthly   average   will   result   in   a   yield   decrease   of   3.11299   BU/acre   because   of   the   lack   of   soil   moisture.  

Yield   vs   Average   July/August   Precipitation   

 
Figure   11.   Yield   vs   July/August   Precipitation.  

  (solid   red   curve)  y 6.6577 .10344x .74795x ︿ = 2 + 9 ­ 1 2 
 

  ield (BU acre)  y︿ = y / verage July August monthly rain (inch)  x = A /  
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The  relationship  between  yield  and  July  to  August  rain  is  non-linear,  modeled  by  a  solid  red  curve  (Figure                   

11).   

One  sigma  of  increase  (68%  of  the  range,  or  0.793  in)  to  the  average  July  to  August  monthly  rain  value  of                      

2.808  inches  would  render  a  decrease  of  1.665BU/acre  to  the  annual  soybean  yield.  Conversely,  decreasing  the                 

average  rain  value  by  one  sigma  would  render  a  decrease  of  0.534  BU/acre  to  the  annual  soybean  yield  (Figure  11).                     

Thus,   drier   months   of   July   and   August   would   have   less   impact   on   yield   than   wetter   months.   

We  also  included  the  yield  output  (dotted  green  curve)  to  show  the  effect  of  one  more  week  of  severe                    

drought  (a  323  DSCI  unit  increase)  and  one  less  week  of  severe  drought  (a  323  DSCI  unit  decrease).  These  changes                     

resulted  in  a  0.948  BU/acre  decrease  in  yield  and  a  0.952  BU/acre  increase  in  yield,  respectively.  The  purple  dashed                    

lines  show  that  1  inch  of  June  rain  deficit  can  cause  a  3.11  BU/acre  yield  loss;  1.5  inches  of  June  rain  deficit  can                        

cause   a   4.67   BU/acre   yield   loss   (Figure   11).  

Yield   vs   Average   July   to   August   Temperature  

 
Figure   12.   Yield   vs   July/August   Average   Temperature.  

(solid   red   curve)  y ­ 638.84 8.3899x .348625x ︿ = 1 + 4 ­ 0 2 
  

  ield (BU acre)   y︿ = y / verage July August temperature (F )  x = A /  

The  relationship  between  yield  and  the  aggregated  temperature  data  from  July  and  August  is  non-linear  as                 

well.  One  sigma  of  increase  (2.063  F)  in  the  average  temperature  from  July  and  August  of  70.724  F  would  render  a                      

decrease  in  3.380  BU/acre  to  the  annual  soybean  yield.  One  sigma  of  decrease  would  result  in  an  increase  of  0.411                     

BU/acre  to  the  annual  soybean  yield  (Figure  12).  This  shows  that  one  sigma  of  decrease  in  average  temperature  in                    

July  and  August  would  benefit  the  soybean  yield,  while  that  same  amount  of  increase  in  temperature  would                  

significantly   decrease   the   yield.  

The  graph  also  compares  the  yield  effect  of  one  more  week  of  severe  drought  and  two  more  weeks  of                    

severe  drought.  One  more  week  of  severe  drought  causes  a  0.950  BU/acre  yield  reduction  and  two  more  weeks  of                    

severe  drought  causes  a  1.91  BU/acre  yield  reduction.  Moreover,  1  more  inch  of  June  rain  deficit  causes  a  3.12                    

BU/acre  yield  reduction  and  1.5  more  inches  of  June  rain  deficit  causes  a  4.67  BU/acre  yield  reduction  (Figure  12).                    

This   shows   that   June   rain   deficit   has   a   greater   impact   on   soybean   yield   than   one,   or   even   two   weeks   of   drought.  
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Insurance   loss   model  

Insurance   Loss   vs   Yield  

Using  averaged  data  from  2000-2018  for  other  variables  and  only  keeping  the  yield  delta  as  a  variable,  we                   

can   derive   a   function   for   the   yield   delta   vs   insurance   loss,   which   has   a   linear   relationship:  

I .4897 .35107x
︿
= 2 + 0

 
  

I nsurance Loss (dollar per acre @ unit projected soybean price)
︿
= I

 
 

ield shortage between trend and actual (BU acre)  x = Y /  

The  slope  for  the  formula  indicates  that  the  greater  the  shortage  of  the  actual  yield  from  the  predicted                   

yield,  the  more  insurance  loss  will  occur.  Assuming  a  $10  projected  soybean  price,  a  yield  reduction  of  1  BU/acre                    

would   result   in   an   additional   $3.5107/acre   insurance   loss.   

Insurance   Loss   vs   Excess   Rain  

I .34623 .06367x
︿
= 0 + 0

 
  

nsurance Loss (Dollar per acre  @ unit projected soybean price)I
︿
= I xcess rain (inch)x = E  

The  weekly  weighted  cumulative  rain  value  over  3  inches  indicates  higher  chances  of  excess  rain  damage                 

to  the  crop.  The  higher  frequency  of  such  an  event,  the  higher  the  insurance  cost.  For  an  additional  occurrence  of                     

excess  rain,  insurance  loss  can  increase  by  $0.191/acre@unit  price,  resulting  in  a  $1.91/acre  insurance  loss                

increase.  

Data   Modeling   Review   and   Discussion  

Strengths  

● Thorough   analysis   of   data   by   collecting,   filtering,   and   processing   raw   data.  

● The   yield   model   has   a   quite   high   R-squared   value   and   low   p-values,   as   well   as   a   low   MAPE.  

● When  the  same  model  was  applied  to  data  from  earlier  years  (2000-2004),  the  difference  between                

predicted   and   actual   yield   was   minimal.  

● Feedback   loop   between   math   methodology   and   data   methodology   helped   refine   the   data   input   better  

Weaknesses  

● The  DSCI  data  for  Brown  County  is  only  available  from  2000,  limiting  the  datasets  able  to  be  used  for  the                     

model   (all   other   datasets   include   data   from   at   least   1990).  

● The  insurance  loss  model  shows  a  high  R-squared  value  and  low  p-values,  but  the  MAPE  check  shows  high                   

error.  

○ The  percentage  error  is  more  significant  for  years  with  less  loss.  In  general,  the  predictions  were                 

more  accurate  in  years  with  larger  losses.  This  is  most  likely  because  lower  loss  values  indicate                 

input  values  closer  to  0.  When  input  values  (DSCI,  rain  deficit.  etc.)  are  lower,  the  output  is  more                   

sensitive   to   even   the   slightest   deviations   and   error   in   input.  
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Risk   factor   of   each   parameter  

Below   we   included   the   risk   factor   of   the   listed   climate   change   effects,   or   the   probability   that   this   change  

would   occur.   We   normalized   the   insurance   impact   so   each   change   rendered   an   insurance   loss   of   $1.00/acre@unit  

price   and   calculated   the   risk   (probability)   based   on   the   2000-2018   average   and   standard   deviation   of   each   climate  

factors.   In   2018,   366,500   acres   of   soybeans   were   planted.   Assuming   that   the   price   of   soybeans   was   $10,   the  

occurrence   of   any   of   these   climate   changes   would   result   in   a   $3.67   million   additional   loss.   From   this   table,   we   can  

see   that   5.235   more   occurrences   of   excess   rain   had   the   highest   risk   factor,   meaning   that   loss   due   to   this   change   in  

climate   is   most   likely   to   occur   (Figure   13).   This   aligns   with   the   Causes   of   Insurance   Loss   file   we   analyzed   previously  

(USDA   RMA,   “Cause   of   Loss   Historical   Data   Files.”),   where   causes   of   loss   due   to   excess   rain   were   more   prominent  

than   other   causes   of   loss   (Figure   2).   

The   risk   factors   calculated   can   be   used   by   insurance   companies   to   create   their   policies   and   try   to   mitigate  

losses   from   the   climate   changes   with   the   highest   risk.  

Climate   Change  Yield   Impact  Insurance   Impact  Risk   Factor  

0.915   inch   more   June   Rain   Deficit  2.848   BU/acre   extra   loss  $1/acre@unit   price   extra   loss  10.67%  

2.989    more   weeks   of   severe   drought  2.848   BU/acre   extra   loss  $1/acre@unit   price   extra   loss  17.59%  

1.09    inch   wetter  2.848   BU/acre   extra   loss  $1/acre@unit   price   extra   loss  8.44%  

1.83   ℉   warmer  2.848   BU/acre   extra   loss  $1/acre@unit   price   extra   loss  18.74%  

5.235    more   occurrences   of   excess   rain  -  $1/acre@unit   price   extra   loss  32.47%  

Figure   13.   Yield   impact   and   risk   factor   of   a   change   in   climate   causing   $1.00/acre@unit   price   of   insurance   loss.  
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Future   Risk   Analysis  

To  predict  future  trends  in  terms  of  yield  and  insurance  loss,  we  first  researched  the  projected  weather  changes  by                    

2050.  The  weather  parameters  included  in  our  yield  model  were  as  follows:  precipitation,  drought,  and                

temperature.  With  the  projected  yield,  we  can  estimate  the  cost  of  insurance  based  on  projected  yield  and  excess                   

rain.  

Future   Prediction  

 
The  precipitation  values  we  used  in  our  yield  model  were  from  June,  July,              

and  August,  which  can  be  considered  as  summer  months.  By  2050,            

average  rainfall  during  the  summer  in  the  Brown  County  region  is            

expected  to  increase  by  approximately  5%  under  a  high  (A2)  emission            

scenario  (Figure  14).  Based  on  the  current  average  July  to  August  rain  of              

2.819  inches,  a  5%  increase  would  result  in  a  predicted  2.96  inch  rain              

value  in  2050.  Based  on  the  yield  model,  this  change  would  result  in              

about   0.09   BU/acre   less   yield.  

 

Figure  14. Changes  in  precipitation  values  in  the  Brown  County  region            

by  2050.  ( U.S  Department  of  Commerce,  “Regional  Climate  Trends  and           

Scenarios   for   the   U.S.   National   Climate   Assessment.” )  

 

While  many  southern  regions  are  expected  to  experience  a  decrease  in  rainfall  and  increase  in  drought,                 

the  summer  rainfall  of  the  Brown  County  region  is  actually  projected  to  increase.  Because  drought  intensity  and                  

frequency  is  largely  dependent  on  precipitation  (“Drought:  A  Complex  Definition,”  n.d.),  we  are  assuming  that  the                 

drought  parameter  will  not  be  significantly  affected.  Thus,  for  our  prediction,  the  same  average  DSCI  value  across                  

the   years   2000   to   2018   was   inputted   into   the   model.  

Furthermore,  temperature  is  projected  to  increase  by  2050  because  of  the  increased  levels  of  atmospheric                

carbon  dioxide,  leading  to  the  greenhouse  effect.  Assuming  medium  stabilization  of  emission,  in  the  RCP4.5                

scenario,  the  average  temperature  in  the  Northern  Great  Plains,  where  Brown  County  is  situated,  is  expected  to                  

increase  by  4.05  degrees  F  by  the  mid-21st  century  (Vose  R.S.  et  al.,  2017).  Assuming  the  worst  case,  high                    

stabilization  of  emissions  in  the  RCP8.5  scenario,  the  average  temperature  in  the  Northern  Great  Plains  is  expected                  

to  increase  by  5.10  degrees  F.  In  both  cases,  the  rising  temperature  will  result  in  an  overall  decrease  in  soybean                     

yield.   

We  plugged  in  both  temperature  increases  into  our  model.  Compared  to  the  average  temperature  of                

70.724  degrees  F  (2000-2018),  a  4.05  degree  F  temperature  increase  (RCP4.5  scenario)  results  in  a  29.499  BU/acre                  

yield  projection,  a  9.439  BU/acre  reduction.  A  5.10  degree  F  temperature  increase  (RCP8.5  scenario)  results  in  a                  

25.185   BU/acre   yield   projection,   and   a   13.753   BU/acre   reduction   (Figure   15).   
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Figure   15.   Yield   Projection   for   Mid-Century   Temperature   Change.  

 

In  the  insurance  loss  model  that  included  excess  rainfall  as  a  parameter,  we  determined  this  parameter  to                  

correlate  strongly  with  extreme  precipitation  changes.  By  2050,  the  mid-century,  daily  extreme  precipitation              

occurrences  are  expected  to  increase,  on  average,  by  about  8%  in  the  Northern  Great  Plains  region  in  the  RCP4.5                    

case,  a  lower  case  scenario.  In  the  RCP8.5  case,  a  more  extreme  scenario,  daily  extreme  precipitation  occurrences                  

are   expected   to   increase   by   about   10%   (Figure   16).   

  

Although  we  used  a  cumulative  rain  value  in  our          

insurance  loss  model,  we  interpreted  the  above        

percentage  increases  to  correspond  to  roughly  the  amount         

of  increase  in  the  calculated  average  cumulative  rain         

value—  about  1.25  more  occurrences  of  excess  rain  for  an           

8%  increase,  or  1.57  more  occurrences  for  a  10%  increase.           

Thus,  this  increase  in  extreme  precipitation  will  result  in  an           

increase  in  insurance  loss  of  either  $0.24  or  $0.30/acre          

@unit   price   depending   on   the   emission   scenario.  

We  assume  that  technology  will  continue  to  grow         

and  crops  will  become  more  resistant  to  weather;  thus,          

yield  will  increase  at  the  current  trend.  WIthout         

considering  weather  changes,  the  yield  will  grow  from  45          

BU/acre  in  2019  to  an  estimated  59.5  BU/acre  in  2050,  a            

14.5   BU/acre   increase.  

 

Figure    16.   Extreme   Precipitation   in   Mid   Century    (Easterling,   D.R.   et   al.,   2017).  
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Future   Risks   and   Impacts  

The  worst  case  yield  reduction  of  13.753  BU/acre  caused  by  temperature  changes  will  significantly  reduce                

yearly  soybean  production.  Taking  2018  as  an  example,  366,500  acres  of  soybeans  were  planted  in  Brown  County.                  

The  harvest  yield  was  39.7  BU/acre  and  the  harvest  price  was  $10.16/BU.  Thus,  a  13.753  BU/acre  yield  loss  would                    

cause  a  $51.21  million  loss,  equivalent  to  a  13.56%  loss  to  the  local  agricultural  industry.  The  GDP  for  Brown  County                     

is  $2.026  billion,  and  yield  loss  alone  would  account  for  about  2.53%  of  its  yearly  GDP.  This  impact  would  be  huge                      

to  not  only  the  income  of  farmers,  but  also  to  the  revenue  of  local  businesses  and  the  tax  income  for  the                      

government.  

In  addition,  93%  of  soybeans  are  used  to  make  animal  feed  for  raising  animals;  therefore,  the  quality  and                   

price   change   of   soybeans   can   create   a   further   ripple   effect   on   down-stream   industries.  

Below  is  a  table  summarizing  the  weather  changes  expected  to  occur  by  2050  mentioned  above.                

Temperature  changes  under  both  RCP  scenarios  would  result  in  the  highest  risk  in  terms  of  insurance  loss (Figure                   

17). Increases  in  excess  rain  would  result  in  medium  risk,  while  precipitation  and  drought  changes  by  2050  would                   

result   in   minimal   or   low   risk.   

Both  insurance  companies  and  farmers  should  consider  risk  levels  of  these  weather  changes  and  start  to                 

address   the   factors   that   pose   the   greatest   risk.  

Weather   Changes   by   2050  Yield   reduction  Insurance   Loss   Risk   Level  

Precipitation    5%   Increase  0.09   BU/acre   reduction  $0.031/acre@unit   price   loss  Low  

Drought  Remain   Same  minimal  minimal  Low  

Excess   Rain  
(RCP4.5)  

8%   increase  -  $0.24/acre@unit   price   loss  Medium  

Excess   Rain  
(RCP8.5)  

10%   increase  -  $0.30/acre@unit   price   loss  Medium  

Temperature  
(RCP4.5)  

Increase   by   4.05   deg   F  9.439   BU/acre   reduction  $2.923/acre@unit   price   loss  High  

Temperature  
(RCP8.5)  

Increase   by   5.1   deg   F  13.753   BU/acre   reduction  $4.258/acre@unit   price   loss  High  

Figure   17.   Climate   changes   by   2050   and   their   risk   level.  
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Recommendations  

Based  on  our  risk  analysis,  we  made  several  recommendations  for  soybean  farmers,  insurance  companies,  and  the                 

government.  

● We  recommend  that  insurance  companies  in  Brown  County  offer  discounts  on  premium  to  farmers  who                

take  initiative  to  update  their  irrigation  systems,  purchase  drought-resistant  plants,  and  purchase  higher              

coverage  of  insurance.  In  fact,  insurance  companies  should  provide  the  most  discount  to  farmers  who                

implement  infrastructure  that  deals  with  mitigating  loss  due  to  excess  rain.  This  weather  factor  should  be                 

prioritized  because  it  has  the  highest  risk  factor.  5.235  additional  occurrences  of  excess  rain,  which  would                 

cause  a  $1.00/acre@unit  price  insurance  loss  based  on  our  model,  has  a  risk  factor  of  about  32.5%.  This  is                    

considerably  higher  than  changes  in  drought,  precipitation,  and  temperature  that  result  in             

$1.00/acre@unit  price  insurance  losses.  If  insurance  companies  encourage  and  prioritize  the  mitigation  of              

excess  rain  through  infrastructural  changes  targeted  towards  this  factor,  it  would  benefit  farmers  because               

they  would  be  less  susceptible  to  losses  due  to  excess  rain  while  getting  a  discounted  premium.  Moreover,                  

insurance  companies  would  be  benefited  as  well  because  they  are  less  likely  to  experience  a  loss  from  this                   

factor,  which  usually  makes  up  most  of  the  weather  related  insurance  losses.  Offering  discounts  to  farmers                 

in  general  for  implementing  changes  to  reduce  loss  will  also  help  to  speed  up  the  adoption  of  our  other                    

recommendations  which  will  ultimately  minimize  soybean  yield  loss  and  reduce  the  ripple  effect  that  a                

lack   of   soybeans   can   cause   on   other   industries.  

● We  recommend  the  government  and  lawmakers  to  implement  public  policy  to  reduce  our  carbon               

footprint  and  slow  down  global  warming.  The  difference  in  projected  yield  decreases  due  to  temperature                

increases  under  a  high  emission  (RCP8.5)  and  a  lower  emission  (RCP4.5)  scenario  is  4.3140  BU/acre,  with                 

higher  emissions  having  a  greater  yield  loss.  This  large  difference  in  yield  loss  under  a  high  emission                  

scenario  shows  that  lower  carbon  emissions  would  decrease  yield  loss.  It’s  important  to  note  that  the                 

augmentations  in  temperature  by  2050  are  mostly  because  of  greenhouse  gases  released  into  the               

atmosphere  by  human  sectors  such  as  manufacturing  and  transportation  sectors.  To  ameliorate             

greenhouse  emissions  that  result  in  increased  temperature,  lawmakers  can  pass  legislation  that  places  a               

“carbon  tax”  on  enterprises  contributing  to  climate  change,  incentivizing  these  companies  to  find  more               

environmentally  friendly  methods  for  producing  their  products.  The  US  government  can  also  wield  its               

international  economic  hegemony  to  require  other  large  trading  partners  to  implement  similar  laws  to               

decrease  global  emissions.  This  could  prove  especially  effective  in  countries  like  China  and  India,  which                

have  strong  trade  relationships  with  the  US  and,  along  with  the  US,  are  the  top  three  contributors  to                   

greenhouse  gas  emissions  (Frohlich,  Thomas  C.,  and  Liz  Blossom,  2019).  The  US  government  can  also                

invest  in  and  provide  subsidies  to  firms  that  conduct  cutting-edge  and  novel  research  on  renewable  energy                 

sources   and   other   ways   to   help   the   environment.  

● We  recommend  farmers  to  implement  infrastructural  changes  that  can  mitigate  weather  risks.  Farmers              

should  implement  different  irrigation  systems  depending  on  the  land’s  soil  type—  their  water  holding               

capacity,  water  intake  rate,  and  rooting  depth  (Kelley,  Lyndon,  2015).  They  should  also  ensure  their                

irrigation  systems  take  into  account  the  different  amounts  of  water  necessary  during  each  period  of                

soybean  growth.  Having  an  irrigation  system  tailored  to  soil  conditions  are  critical  to  maximizing  the  water                 

intake  of  soil  and  to  ensure  that  in  case  of  drought,  the  existing  soil  moisture  will  still  be  adequate  enough                     

to  sustain  the  crop.  Based  on  our  models,  3  additional  weeks  of  heavy  drought  can  result  in  a  2.96  BU/acre                     

extra  yield  reduction  and  a  $10.4/acre  extra  insurance  loss  (assume  $10BU/acre  price)  .  This  significant                

loss  due  to  drought  shows  that  investing  in  effective  irrigation  systems  is  important  to  mitigate  losses.                 

Other  infrastructural  changes  farmers  could  implement  include  a  more  efficient  drainage  system  to              

alleviate  reductions  in  yield  due  to  excess  rain.  Based  on  our  insurance  loss  model,  one  more  occurance  of                   
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excess  rain  over  3  inches  causes  a  $1.91/acre  extra  insurance  loss  (assume  $10BU/acre  price).  Again,  the                 

government   could   provide   subsidies   to   help   farmers   afford   new   infrastructure,   benefiting   both   parties.  

● We  recommend  farmers  to  continue  investing  in  more  advanced  technology  that  could  protect  crops               

against  damage.  From  1980  to  2018,  soybean  yield  increased  from  13.6  BU/acre  to  39.7  BU/acre.  Part  of                  

the  reason  for  this  upwards  trend  was  technological  advances;  for  example,  the  introduction  of  herbicide                

tolerant  and  insect  resistant  plants.  In  August  of  2019,  USDA  approved  drought  resistant,  genetically               

modified  soybeans  (“USDA  Green  Lights  Commercialization  of  GMO,  Drought-Tolerant  Soybean,”  2019).            

Encouraging  farmers  to  use  these  genetically  modified  crops  could  allow  them  to  avoid  significant  losses                

due  to  drought.  Furthermore,  the  government  should  encourage  researchers  to  focus  on  the  development               

of  soybeans  genetically  modified  to  resist  excess  rain  and  temperature  changes.  The  government  could               

also  provide  subsidies  to  make  new  technology  more  accessible  and  affordable  for  farmers.  The  expected                

soybean  yield  in  2050  is  59.5  BU/acre,  assuming  technological  changes  grow  at  current  rates.  This  growth                 

in  yield  due  to  technology  offsets  any  loss  due  to  temperature  changes.  It  is  thus  critical  to  maintain  this                    

upward   trend   in   yield   through   continued   advancements   in   technology.  

● We  recommend  all  farmers  to  purchase  insurance  for  soybeans.  During  recent  years  in  Brown  County,                

around  90%  of  farmers  purchased  insurance.  The  increased  risk  and  potential  losses  due  to  weather                

increase  the  necessity  to  mitigate  losses  through  insurance.  To  encourage  all  farmers  to  purchase               

insurance,  insurance  corporations  could  offer  a  greater  variety  of  insurance  plans  to  meet  different               

farmers’  needs.  Revenue  protection  insures  a  certain  percentage  of  revenue  due  to  all  losses.  However,                

some  farmers  may  want  to  purchase  90%  coverage  for  losses  due  to  excess  precipitation,  or  only  50%                  

coverage  for  losses  due  to  drought.  The  circumstances  of  farmers  across  Brown  County  results  in  different                 

insurance  needs.  Confining  the  variety  of  insurance  policies  may  decentivize  certain  farmers  from              

purchasing  these  insurance  plans  if  they  don’t  suit  their  circumstances.  Providing  a  larger  variety  of                

insurance  plans  would  benefit  both  farmers,  who  would  suffer  less  from  losses,  and  insurance  companies,                

who  would  benefit  from  more  farmers  purchasing  insurance  plans.  Moreover,  the  government  can  help  by                

providing  subsidies,  decreasing  insurance  premium  and  further  encouraging  farmers  to  purchase            

insurance  plans.  This  would  also  benefit  the  government.  With  fewer  farmers  purchasing  insurance  plans               

and  larger  weather  risk  in  future  years,  farmers  are  expected  to  have  decreases  in  income,  which  in  turn                   

may   harm   the   government   by   decreasing   tax   collection   amounts.   
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