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o tends to increase the total utility of agency alliance for both. D;; defines the proximity between two
agencies. Satisfaction decreases exponentially when the distance between two agencies increases to capture
the proximity of practical resource-sharing with a decay rate of A, which can affect the overall satisfaction
of agency collaboration. We set the decay rate A = 1 to allow D;; to directly affect the satisfaction value.
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Figure 3: Total utility for different norms.

3 SIMULATION MODEL

The objective of the simulation model is to find the network structure of agencies that maximizes overall
satisfaction at the network level and at the agency level. This is achieved by developing an ABM with
agents being the agencies in the network. In the simulation model, agencies form new and dissolve older
alliances depending on the improvement in the aggregated satisfaction of agencies in the current network.
First, for the agencies, we define agent properties in Table 1. To develop the simulation environment, we
consider the following assumptions for our model.

Table 1: Agent properties in simulation.

Name Description

Type Strong, Moderate or Weak. Follows &; described in Section 2.2.1

Location Coordinate (x,y) of the location of an agency in the network

Distance (D;;) Euclidian distance of agency i from agency j, Dij = \/(x; —x;)% + (yi — y;)?
Compatibility (7;;) | Compatibility score of agency i with agency j described in Section 2.2.2
Satisfaction (¢;) Aggregated satisfaction of agency i, with all j in its alliance, ¢; = ). ;e ¢i;

Model Assumptions:

*  One type of norm for compatibility is followed by all agencies within a network. This assumption
is considered to model networks for different norms to highlight how satisfaction is impacted when
the network follows one norm as opposed to the other.

» Capability of agencies follows a normal distribution &; ~ .4#"(i, 0) and categorizes agencies into three
classes, i.e., strong, moderate, and weak agencies. The classification occurs in the (4 — o, 1 + O]
boundary. The weak, moderate, and strong agencies have &; scores in the range [0,0.35), [0.35,65],
(.65, 1], respectively.

e Agencies do not consider an alliance with another agency if the distance, D;;, is not within a
threshold D. In practical settings, to maintain collaboration for physical resource sharing, agencies
may have to be in close proximity to each other. Therefore, we set D = 10mi as a reasonable
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threshold for agency collaboration. We define .# € {j € &/ \ ¢ | D;; <D, j# i} as the set of
candidate agencies that are not in the current alliance network (%;) of agency i. Here, ./ is the set
of all agencies.

* The number of alliances an agency can make has a threshold limit .. We assume this to reduce
redundancy and overcrowding in collaboration.

Algorithm 1 Agent alliance formation

1 Piold < Xjcw, Oij

2 T {jed\G| Dy <D, j£i}

3: Random shuffle .#

4: for j € .% do

5 Tij + 0(&:, &)

6: ¢ij<—(ax7}j+ﬁ><7r,~j)e_mj
7: if ¢;; > 0 then
3
9

G+ GU{Jj}; €+ Ui}
: (Pi—new < Zke%; (Pik
10: if Oi-new > M - 0io1d then

11: while |%;| > ¥ do

12: Remove k* = argmingcy, @i from €;
13: end while

14: else

15 G G\ ) G 6\ i)

16: end if

17: end if

18: end for

Algorithm 2 Network step

: for i€ o/ do
Execute Algorithm 1
end for

D0 Yicw Ljce Oij

A A

The formation of alliances for each agency i follows Algorithm 1. First, for each agency, the set of
candidate partners (%) are chosen. Then, the algorithm calculates ¢;; for each new potential connection.
We ensure that the new ¢;_,.,, is reasonably higher by a factor of .# than the previous one for choosing
the best alliances. We choose .#Z = 1.05, implying that at least a 5% improvement over the previous
connection allows exploring a new connection in the model. In each iteration, the model makes the best
alliance and removes the worst alliance if the number of connections exceeds the threshold .Z. We set a
threshold of .2 = 10% of the total agencies in the network, which is reasonable for a large network of
agencies. Note that . does not restrict an agency from being in an alliance group (cluster) that is bigger
than .. In other words, even if an agency can make at most . alliances, it can still be in a cluster that
has more than .Z agencies with indirect connections. We apply the same alliance algorithm to the entire
network, as shown in Algorithm 2.
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4 RESULTS AND DISCUSSIONS

To run the simulation, we use MESA: Agent-based modeling in Python (Hoeven et al. 2025). Using agent
schedulers in MESA, we update the alliances of each agency in each step of the system-level simulation.
We use simulated data for agency properties of 150 agents and keep the seed consistent among different
simulations within a fixed norm and between different norms. This ensures that the results between different
norms are consistent and comparable. For each simulation run, for each type of norm, we get the overall
satisfaction and satisfaction by agency type, converging after a number of iterations. Figures 4a and 4b
show the satisfaction score for the two norms, respectively. From visual inspection, it is evident that there is
a difference in how different types of agencies achieve overall satisfaction in the conservative (Norm1) and
diversifying (Norm2) norms. Table 2 presents a summary of the results from 100 simulation replications,
which shows Norml1 has 16.45% higher total satisfaction than Norm2. Whereas moderate agencies on
average dominate in Norml, for the other two types, Norm2 results in a higher satisfaction value.
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Figure 4: Satisfaction score in agency network.

Table 2: Mean and standard deviation of satisfaction.

Metric Norml mean Norml std | Norm2 mean Norm?2 std
Total 244.94 19.02 210.33 20.67
Strong 1.54 0.20 1.77 0.21
Moderate 1.86 0.17 0.88 0.10
Weak 1.42 0.16 1.72 0.22

For inference, we construct three different hypotheses and investigate the results based on them. The
hypotheses are as follows.

Hay: No significant difference between overall satisfaction achieved for different norms.

Hby: No significant difference between satisfaction achieved for different types of agencies (strong,
moderate, and weak) for different norms.

Hcp: No significant difference between satisfaction achieved in different types of agencies within a norm.
To investigate Hap and Hbg, we run multiple simulations for both norms and use kernel density

estimation (KDE) to visualize the distribution of overall satisfaction and average satisfaction of strong,
moderate, and weak agencies for both norms. Figure 5 presents the density functions for two norms. We
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also present the KS test statistics in Table 3. From Figure 5a and Table 3, we observe that the overall
satisfaction achieved for both norms is statistically different, while Norm1 achieves a higher mean value.
From Figure 5a - 5d, it is also clear that moderate agencies differ significantly in two different norms while
pushing the overall satisfaction in Norm1. For the other two categories (strong and higher), we see that the
average satisfaction is higher in Norm2. So, we reject both Hay and Hby. We also observe in Figure 4a
and 4b that moderate agencies were the influential factor for pushing overall satisfaction values in Norm1.
In contrast, Norm?2 reduces the gap between weak and strong agencies. To look at this closely, we also
analyze the satisfaction of different agencies within a norm. To understand this, we plot the distribution
of satisfaction scores for different agencies for a single simulation run in Figure 6. Moreover, we run
multiple simulations to test Hcy for within-norm satisfaction and present the KS-statistic in Table 4. Results
highlight our previous visual analysis in Figure 6 that Norm2 minimizes the gap between the satisfaction
score for strong and weak agencies, giving weak agencies more fairness in the network.

Furthermore, at the convergence of the simulation, agencies in the network form clusters of alliances,

Table 3: KS test for between-norm satisfaction.

KS statistic (D) p-Value (pr > D)
Overall 0.66 0.00
Strong 0.34 0.00
Moderate 1.00 0.00
Weak 0.58 0.00
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Figure 5: KDE for satisfaction scores for different norms.
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Figure 6: Satisfaction score in agencies within a norm.

Table 4: KS test for within-norm satisfaction.

Comparison KS statistic (Norm1) p-value (Norml) | KS Statistic (Norm2) p-value (Norm2)
Weak vs Moderate 0.81 0.00 0.99 0.00
Weak vs Strong 0.48 0.00 0.08 0.91
Moderate vs Strong 0.63 0.00 0.99 0.00

as shown in Figure 7. We want to analyze whether different norms alliance clusters result in different
heterogeneity, which is a measure of clusters having different types of agencies, resulting in diverse alliance
groups. We define the heterogeneity H of a network in Equation (5).

Y Yo 5)

i€gd, JEGC;

T
K& [

k=1

H=

Here, K is the number of clusters formed in the network, and .7 is the set members in cluster k.
I; € {1,0} is a binary variable as follows.

;)1 if agency type(i) # type())
o 0, otherwise

To analyze heterogeneity in different norms, we test our final hypothesis, Hdy: No significant difference
between heterogeneity in different norms.

We perform the KS test for H with multiple simulations to plot the KDE in Figure 8 and show the
results in Table 5. Although results show that there is no significant difference in heterogeneity obtained
between the two norms, from Figure 8, we observe that Norm2 has higher average heterogeneity than
Norml1, allowing more diverse agencies to be in agency alliance clusters. This supports our previous claim
of Norm2 ensuring fairness for weaker agencies to be in alliance clusters.

Table 5: KS test for heterogeneity.

KS statistic p-value
Heterogeneity 0.12 0.47
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Figure 7: Agency network of alliance clusters.
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Figure 8: KDE for heterogeneity for different norms.

4.1 Sensitivity Analysis

Figure 9 presents the sensitivity analysis for three important model parameters. In Figure 9a, we present the
sensitivity for k used for steepness in the compatibility when approaching greater dissimilarity in Equation
2 and 3. We start with a large k of 10 for our model requirement, and increase the k on a logarithmic
scale. The satisfaction values for both norms oscillate, creating local maxima. The gap between Norm1 and
Norm?2 varies, ranging from 72.51% to as low as 8.25%. For D in 9b, we observe a monotonic decrease
with increasing threshold value while keeping a similar gap in total satisfaction for the norms. Finally,
we observe both norms approaching maximum satisfaction when . approaches 10, suggesting an optimal
average number of connections for each agency in the network.

S CONCLUSION

In this paper, we analyzed the satisfaction level of different types of agencies following a particular norm.
Additionally, we analyzed overall network satisfaction when the network follows different norms. Statistical
results show that there is a significant difference in overall satisfaction in the network. However, moderate
agencies influence the overall satisfaction with the conservative norm, while weaker agencies have the least
satisfaction with this norm.

On the other hand, the diversifying norm increases fairness in the network by reducing the gap between
strong and weak agencies, but moderate agencies result in the lowest satisfaction level. The analysis
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Figure 9: Sensitivity analysis of model parameters.

suggests that a network should have a balance between these two norms to ensure fairness in satisfaction
levels among all types of agencies.

Future work for this paper may include considering a mixture of different proportions of norms followed
within a network to analyze the satisfaction level further. The mixture of networks can be categorized
by type-specific domination, such as, mixed network dominated by weak agencies. Additionally, this
study assumes that the capability scores of agencies are normally distributed and replaces the functional
decomposition of the capability score with a simple normal distribution for relative scoring of agencies.
This may be extended in future work by using real data to capture different distribution fits for the agencies
and analyze the satisfaction for different types of agencies. Different sizes of networks can also be analyzed
to see if differences in heterogeneity become significant for different norms.

We acknowledge the distinction of emergent societal norms of collaboration among agencies and
predefined behaviors for agencies as defined in this study; we wish to extend this to explore the former in
future iterations. Furthermore, we used simulated data with generalized capital values, assuming a normal
distribution. The findings from these tests can be further validated in real-world settings. However, acquiring
real-world data is challenging given that the agencies are independent organizations with constrained human
resources. Despite that, there is scope for creating proxy variables from observable variables. These real
data can be utilized along with dynamic norm emergence can be a potential avenue to explore in the future.
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