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Simulating the effects of alternate control 

strategies on heterogeneous farmer behaviors and 

water quality outcomes

 We test the effectiveness of alternate pollution control 

strategies with economic incentives that vary across 

sensor locations and frequency of sensing at watershed 

scale

 Hypothesis: A mixed policy mechanism that combines 

placement of sensors with optimized economic incentives 

is more effective in pollution control than a single policy 

instrument (i.e. placement of sensors only or 

manipulation of economic incentives only policy).



Methodological Approach: Scaling from 

games to ABMs

 An Agent Based Model (ABM) is designed to inform the 

control theory of decentralized complex systems with 

applications to control of non-point source pollution as 

well as multi-criteria optimization of the trade-off 

between economic development and 

environmental/water quality conservation.

 Behavioral strategies of farmer players under different 

policy mixes (control and treatments) are ascertained 

from a spatially distributed public goods game 



Methodological Approach: Experimental 

simulations and “management flight simulators”

 Experimental simulations with alternate control/policy 

instruments and monitoring regimes are generated to test 

specific hypotheses pertaining to the control of 

decentralized complex systems

 Autonomous agents in complex systems might display altruism, 

selfish vs. cooperative behaviors, behavioral inertia, short-

sightedness, rent-seeking, and other challenges typically 

ascribed to the global control of complex systems 

 Heterogeneously interacting smaller sub-systems (farmers as 

owners of parcels, policy regulators and ecosystems) that 

display local control and self-organization.

 Management flight simulators

 Gamification through ABM Interfaces



Longstanding debate in behavioral sciences 

on selfish versus cooperative behaviors

Results from previous experimental studies, mostly of voluntary 
mechanisms and conducted under controlled laboratory conditions, 
suggest that the behavior of human agents is neither perfectly selfish nor 
perfectly cooperative (Ledyard 1995, Gintis 2000, Zia et.  al. 2006, 
Messer et al. 2007). 

After reviewing experimental research conducted to estimate cooperative 
and non-cooperative decision behaviors for provision of public goods 
under voluntary mechanisms, Ledyard (1995:172-173) noted that:

“There appear to be three kinds of players: dedicated Nash players who act 
pretty much as predicted by game theory with possibly a small number of 

mistakes, a group of subjects who will respond to self interest as will Nash players 
if the incentives are high enough but who also make mistakes, and respond to 
decision costs, fairness, altruism, etc., and a group of subjects who behave in an 

inexplicable (irrational?) manner. Casual observation suggests that the proportions 
are 50 percent, 40 percent, 10 percent in many subject pools.”



Hypotheses & Miao et al. Game Design

(1) Incentives in the form of taxes and subsidies induce cooperative behavior 

among agents in a river-system network. 

(2)The number and frequency of water-quality sensors increases cooperative 

behavior.

(3)The spatial locations of the decision-makers relative to the spatial locations 

of the sensors affects the induction of cooperative behavior.



Clustering analysis of gaming data reveals 

four types of behavioral strategies

Cooperative Competitive/

selfish 

Hyper-

Competitive/

selfish 

Hyper-

Cooperative 



Sensors and incentives influence 

spatially sensitive behavioral strategies

Table 2: Treatment table 

Treatment/Parcel Sensor Number Frequency of Sensing Ambient Tax/Subsidy 

Treatment A One One time Yes 

Treatment B One Four time Yes 

Treatment C One Continuous Yes 

Treatment D Two One time Yes 

Treatment E Two Four time Yes 

Treatment F Two Continuous Yes 

 

Generally, there are two types of differences among treatments: sensor number and 

frequency of sensing. On one hand, for treatments A, B and C, there is one sensor located 

at just downstream of parcel 6, while for treatments D, E and F, one sensor is placed at 

just downstream of parcel 6 and another one is located at just downstream of parcel 3. On 

the other hand, for treatments A and D, sensor(s) measure the concentration of pollutant 

at low sensing frequency, one time in time horizon T. For treatments B and E, sensor(s) 

measure the concentration of pollutant at high sensing frequency, four times in time 

horizon T. For treatments C and F, sensor(s) measure the concentration of pollutant 

continuously. Next, we describe six treatments in detail. 

2.2.1 Treatment A 

In this treatment, one sensor is placed at just downstream of parcel 6. After all the 

pollutant enters the river, the sensor measures the concentration of pollutant at just 

downstream of parcel 6 for one time in time horizon T. Ambient tax/subsidy is 

determined by difference between measured concentration and optimal maximum 

concentration (OMC) though it is very likely that the measured concentration is not the 

actual maximum concentration. We assume that the profit function of each agent is 

his/her utility function. So agents’ utility function takes the form of equation (5): 

      U
1
n =-10[C (x1,…, x5, x6) -7.75 ]+ 35 – 0.0075(50 - xn)

 2                                                    
(5)

          

 
where U

1
n is the utility of agent n in treatment A, 7.75 is OMC determined by the 

principal exogenously and  C (x1,…, x5, x6) is measured concentration.  If we assume all 

the agents are risk-neutral and maximize their expected utility in each round of treatment 

A, one agent will choose a production that maximize expected value of U
1
n: E[U

1
n]. 

Since agents are not allowed to communicate, non-cooperative game theory is used to 

predict potential outcome of all treatments. According to numerical calculation, 

theoretical prediction of each agent’s production in treatment A is presented in Table 1. 

This array of production is essentially Nash equilibrium (NE) since no one agent gets 

more benefit if he deviate from the predicted production level. Form the table, the 

production level is almost symmetric across all the parcels.     



Multilevel multinomial logistic regression models 

predict induction of cooperative behaviors for 

different policy and sensor regimes

 Incentives in the form of taxes and subsidies generally induce 

cooperative behavior but the effect is conditional on the location of 

the agent’s property in the river network

 Downstream agents display a slightly greater likelihood to behave 

selfishly/competitively despite the tax/subsidy incentives. 

 The number of sensors and frequency of sensing has the greatest effect in 

inducing cooperative behavior for upstream agents.

 There is an optimal number of sensors and frequency of sensing 

that can maximize the induction of cooperative behavior. Beyond 

that number and frequency, the addition of sensors and frequency of 

sensing diminish the likelihood of cooperation in maintaining water 

quality. 



Table 1: Theoretical predictive production levels (Nash Equilibrium) of each parcel 

Table 2: Treatments 

Table 3: Average values for each cluster 

Table 4: Estimated fixed-effect coefficients (exponents of log-odds) from the multinomial 

mixed-effects model (base group = competitive, cluster 1). The session, period, and subject 
identification are controlled to account for random effects. 

 

 

!

Variable 

Cooperative 

(Cluster 2) 

Hyper-

Cooperative 

(Cluster 3) 

Hyper-

Competitive 

(Cluster 4) 

Intercept 0.05777*** 0.0003 3.6831E-09 

Parcel 1 1.0725 159.9562 0.5951 

Parcel 2 3.5078** 0.0037 0.6172 

Parcel 3 2.1147 0.2874 0.6129 

Parcel 4 2.0662 0.2724 0.6083 

Parcel 5 5.4926** 193.8142 0.6593 

One Sensor 37.0438*** 6731.8145 955413.9681 

*Two Sensors 14.7376*** 1407.2602 244287.2339 

Low Frequency 1.4255*** 0.2636*** 500.7966* 

Tax Subsidy 1.0052*** 0.9940*** 0.9934*** 

Parcel 1 * One Sensor 0.3453 0.0003 758.0126 

Parcel 2 * One Sensor 0.0586*** 0.0012 327.7988 

Parcel 3 * One Sensor 0.1769** 0.0928 351.5669 

Parcel 4 * One Sensor 0.3167* 0.7507 645.2901 

Parcel 5 * One Sensor 0.1639** 0.0003 139.4491 

Parcel 1 * Two Sensors 0.2414* 0.0006 3346.2647 

Parcel 2 * Two Sensors 0.0319*** 0.0016 3567.0707 

Parcel 3 * Two Sensors 0.2489** 0.3767 291.4300 

Parcel 4 * Two Sensors 1.4903 4.2943 4086.3196 

Parcel 5 * Two Sensors 0.3889 0.0111 1042.8368 

Parcel 1 * Low Frequency 3.9741*** 29.6482*** 0.0012** 

Parcel 2 * Low Frequency 5.9026*** 176169.169 0.0005** 

Parcel 3 * Low Frequency 2.4690*** 67.1212*** 0.0030* 

Parcel 4 * Low Frequency 0.4515*** 4.7674** 0.0008** 

Parcel 5 * Low Frequency 1.0849*** 1.2307E-06 0.0053 

Parcel 1 * Tax Subsidy 1.0219*** 1.0396*** 1.0071*** 

Parcel 2 * Tax Subsidy 1.0132*** 1.0510*** 0.9935*** 

Parcel 3 * Tax Subsidy 1.0088*** 1.0310*** 1.0028*** 

Parcel 4 * Tax Subsidy 1.0006*** 1.0158*** 1.0073*** 

Parcel 5 * Tax Subsidy 0.9988*** 0.9480*** 0.9984*** 

 

*** p < 0.001 

** p < 0.05 

* p <0.01!



Scaling from Games to ABMs

 A base layer of Franklin 

county in Missisquoi

Watershed is used to 

initialize the farmer 

populations, parcels and 

other spatial attributes

 Joint agricultural and P 

production functions are 

assigned to farmers by their 

behavioral & parcel types

 Behavioral types ascertained 

from gaming data under 

various treatments are 

assigned to farmers in the 

ABM



Behavioral Strategy Adoption and Their Relative 

Effects on Water Quality Modeled Through Joint 

Production Functions



A simplified version of ABM interface 

for “management simulator” mode



Behavior Typical Ultra

Cooperative Dark

Green

Bright

Green

Competitive Dark

Red

Bright

Red

Farm Agents

• Scaled by Farm Area

• Colored by Behavior

Farmer behavioral strategies can be 

tracked and aggregated at multiple scales

Control: No Sensor
Treatment 5: Two 

Sensors & 4 times



Agricultural and P (and all other variables) in 

the ABM can be tracked and analyzed

Combined  Production

• Corn

• Cow

• Milk

• Hay

Phosphorus Produced

Control: No Sensor
Treatment 5: Two 

Sensors & 4 times

Note: Scale on 

Y-axis is 

dissimilar in all 

four graphs



Ongoing ABM development & testing

 Enable simulation of sensor placement across sub-

watersheds

 Calibrate ABM output to high-frequency P data and 

farmer output data 

 Test game theoretical ABM predictions with Theory of 

Planned Behavior predictions [Pattern Oriented 

Approach]

 Estimate value of sensor information under different 

behavioral and extreme event scenarios

 Test policy mix scenarios for control of distributed 

systems

 Adapt ABM platform to watersheds in DE & other 

gaming data
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Technical Details in the Backend of ABM



I.iii Process overview and scheduling 
I.iii.a What entity does what, and in what order?



I.iii Process overview and scheduling 
I.iii.a What entity does what, and in what order?
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I.iii Process overview and scheduling 
I.iii.a What entity does what, and in what order?



I.iii Process overview and scheduling 
I.iii.a What entity does what, and in what order?



Cobb-Douglas Production Function 

For Ag Products 

 Each farm parcel 

 𝑄𝑖,𝑗,𝑡 = 𝑝𝑖,𝑗𝐴𝑖,𝑗
𝐹𝑖,𝑗𝑇𝑖,𝑗

 i: milk (cwt), beef (kg), hay (kg), corn (kg)

 j: cooperative, competitive, hyper-cooperative, hyper-competitive

 pi,j : production potential for i per square meter, estimated based 
on Ag Census 2012~2014 & other studies

 Ai,j: acreage used for producing i

 Fi,j: the coefficient representing the level of fertilizer used to 
produce i

 Ti,j: the coefficient representing the level of technology used to 
produce i



Mean and  Standard Deviation 

for Ag production potential

 * Ag Census 2012~2014

 ** UVM extension, http://pss.uvm.edu/vtcrops/?Page=articles/PastureMgt.html and NDSU, 
https://www.ag.ndsu.edu/archive/streeter/2006report/aums/Doing%20the%20Math.htm.

 + http://www.dairychallenge.org/pdfs/2014_Northeast/2013_DFS_final.pdf. 

 *** http://www.dairymoos.com/how-much-do-cows-weight/.

 # NLCD.

Ag Product i Hay*

(kg/m2)

Corn*

(kg/m2)

Animal Stocking 

Rate**

(head/Acre)

Milk+

(cwt/head)

Beef***

(kg/head)

𝑝𝑖,𝑗
for all 

behavior j

0.415

(0.046)

3.81

(0.366)

11

(8)

237

(1.21)

636

(148)

𝐴𝑖,𝑗
#(m2)

For all 
behavior j

Pasture/Hay Crop Pasture/Hay Pasture/Hay Pasture/Hay



Mean and  Standard Deviation for 

coefficients associated with fertilizer 

and technology

Behavior j Hyper-cooperative Cooperative Competitive Hyper-competitive

𝐹𝑖,𝑗
For all Ag product i

0.2

(0.163)

(0, 0.4)

0.4

(0.163)

(0.2, 0.6)

0.6

(0.163)

(0.4, 0.8)

0.8

(0.163)

(0.6, 1.0)

𝑇𝑖,𝑗
For all Ag product i

0.6

(0.082)

(0.5, 0.7)

0.7

(0.082)

(0.6, 0.8)

0.8

(0.082)

(0.7, 0.9)

0.9

(0.082)

(0.8, 1.0)



Cobb-Douglas Production Function for 

Phosphorus 

 Each farm parcel 

 𝑄𝑃,𝑗,𝑡= σ𝑘 𝑐𝑘,𝑗𝐴𝑘,𝑗
𝑇𝑖,𝑗

 ck,j: Phosphorus producing potential per square meter from 

 k: Hay fields without pastured, corn fields, or cow pastured fields)

 j: cooperative, competitive, hyper-cooperative, hyper-competitive

 t: year



Mean and  Standard Deviation for 

production potential


a: Based on the minimum and maximum P loss from hay seeded and established years in 
http://datcp.wi.gov/uploads/Farms/pdf/GLCI10301FinalReport.pdf


b: Based on the minimum and maximum P loss from corn silage in 
http://datcp.wi.gov/uploads/Farms/pdf/GLCI10301FinalReport.pdf


c: Based on the minimum and maximum P production from unconfined veal or horses per 
head per year in manure in http://www.ars.usda.gov/is/np/agbyproducts/agbychap2.pdf

Ag Product i Hay Field Without 

Pastured*

(kg/m2)

Corn Field*

(kg/m2)

Cattle **

(Kg/head)

𝑐𝑘,𝑗
For all behavior j

2.69e-4
(2.44e-4)a

4.18e-4
(1.97e-4)b

8.1
(7.07)c

𝐴𝑘,𝑗(m2)

For all behavior j

Pasture/Hay Crop Pasture/Hay

http://datcp.wi.gov/uploads/Farms/pdf/GLCI10301FinalReport.pdf
http://datcp.wi.gov/uploads/Farms/pdf/GLCI10301FinalReport.pdf
http://www.ars.usda.gov/is/np/agbyproducts/agbychap2.pdf


Sale for Each Ag Product 

 Each farm parcel 

 𝑆𝑖,𝑡= 𝑃𝑟𝑖,𝑡𝑄𝑖,𝑗,𝑡
 𝑃𝑟𝑖,𝑡: price for ag product i in year t

 predicted by regression models using historical price data

 𝑄𝑖,𝑗: Ag product i produced in year t

 j: cooperative, competitive, hyper-cooperative, hyper-
competitive



Behavior in each year predicted by 

multinomial model

 Pr 𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑣𝑒 = 1 =
1

1+𝑒
𝑋𝑖𝛽2,𝑖+𝑒

𝑋𝑖𝛽3,𝑖+𝑒
𝑋𝑖𝛽4,𝑖

 Pr 𝑐𝑜𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 = 2 =
𝑒
𝑋𝑖𝛽2,𝑖

1+𝑒
𝑋𝑖𝛽2,𝑖+𝑒

𝑋𝑖𝛽3,𝑖+𝑒
𝑋𝑖𝛽4,𝑖

 Pr ℎ𝑦𝑝𝑒𝑟 − 𝑐𝑜𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒 = 3 =
𝑒
𝑋𝑖𝛽3,𝑖

1+𝑒
𝑋𝑖𝛽2,𝑖+𝑒

𝑋𝑖𝛽3,𝑖+𝑒
𝑋𝑖𝛽4,𝑖

 Pr ℎ𝑦𝑝𝑒𝑟 − 𝑐𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑣𝑒 = 4 =
𝑒
𝑋𝑖𝛽4,𝑖

1+𝑒
𝑋𝑖𝛽2,𝑖+𝑒

𝑋𝑖𝛽3,𝑖+𝑒
𝑋𝑖𝛽4,𝑖

 𝑋𝑖 : parcel location (1-6 from upstream to downstream), 

 sensor no. (0-2), 

 monitoring frequency (low, high), 

 Tax/Subsidy

 parcel location*sensor no.

 parcel location*monitoring frequency

 parcel location*tax/subsidy



Coefficients of the multinomial model

Variable 𝑋𝑖 Cooperative Hyper-cooperative Hyper-competitive

Intercept 0.05777 0 0
Parcel 1 0 0 0
Parcel 2 3.5078 0 0
Parcel 3 0 0 0
Parcel 4 0 0 0
Parcel 5 5.4926 0 0
One Sensor 37.0438 0 0
Two Sensor 14.7376 0 0
Low Frequency 1.4255 0.2636 500.7966
Tax Subsidy 1.0052 0.994 0.9934
Parcel 1 * One Sensor 0 0 0
Parcel 2 * One Sensor 0.0586 0 0
Parcel 3 * One Sensor 0.1769 0 0
Parcel 4 * One Sensor 0.3167 0 0
Parcel 5 * One Sensor 0.1639 0 0



Coefficients of the multinomial model

Variable 𝑋𝑖 Cooperative Hyper-cooperative Hyper-competitive

Parcel 1 * Two Sensor 0.2414 0 0
Parcel 2 * Two Sensor 0.0319 0 0
Parcel 3 * Two Sensor 0.2489 0 0
Parcel 4 * Two Sensor 0 0 0
Parcel 5 * Two Sensor 0 0 0
Parcel 1 * Low Frequency 3.9741 29.6482 0.0012
Parcel 2 * Low Frequency 5.9026 0 0.0005
Parcel 3 * Low Frequency 2.469 67.1212 0.003
Parcel 4 * Low Frequency 0.4515 4.7674 0.0008
Parcel 5 * Low Frequency 1.0849 0 0
Parcel 1 * Tax Subsidy 1.0219 1.0396 1.0071
Parcel 2 * Tax Subsidy 1.0132 1.051 0.9935
Parcel 3 * Tax Subsidy 1.0088 1.031 1.0028
Parcel 4 * Tax Subsidy 1.0006 1.0158 1.0073
Parcel 5 * Tax Subsidy 0.9988 0.948 0.9984



Determine Tax/Subsidy in each year

 Each farm parcel in year t

 𝑇𝑆𝑖 = 𝑇𝑆𝑀(𝑃𝑠 − 𝑃𝑖)

 TSM: tax subsidy multiplier, 

 𝑃𝑠: the phosphorus standard

 𝑃𝑖: phosphorus produced by farm i and then observed by the 
corresponding sensor




