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Abstract: Large-scale agent-based models (ABM) of complex adaptive systems often have a high number of
input parameters and complicated agent interactions affecting the performance of the system. Executing tra-
ditional design of experiments to select points from the parameter space could require considerable simula-
tion runs to effectively analyze the impact of input parameters on the system output. Sequential sampling is
a promising technique for reducing simulation runs by training a machine learning metamodel to emulate the
relationship between input parameters and ABM outputs while leveraging the metamodel to strategically select
points to explore next in the parameter space. While previous studies have applied sequential sampling to few
small ABMs, this research extends the approach to large-scale ABM and compares mixed adaptive sampling
and pure sequential sampling algorithms. These algorithms were used to train a random forest metamodel
emulating the Segregation model and a larger stylized ABM of a crowd logistics platform. Results indicate that
the pure sequential sampling algorithm can lead to excessive clustering of design points in highly nonlinear re-
gions and insufficient exploration of the parameter space, while the mixed adaptive sampling algorithm ensures
broader coverage of the parameter space while still refining complex regions. The mixed adaptive sampling al-
gorithm was then used to generate feature importance and partial dependence plots for the crowd logistics
ABM, thereby demonstrating the usefulness of this approach not only in reducing computational requirements
for ABM experimentation but also in enhancing ABM output interpretation.

Keywords: Agent-Based Modeling, Sequential Sampling, Metamodeling, Crowd Logistics

Introduction

Agent-based modeling (ABM) is a valuable tool for studying emergent system-level behavior of complex adap-
tive systems by modeling the behavior of autonomous individual agents that are capable of responding and
adapting to inputs from their environment (de Marchi & Page 2014; Dooley 1996). In complex systems, the re-
peated interactions among heterogeneous actors over time can lead to global emergent properties, which can
be observed by exploring the model’s parameter space (Holland 1992; Srbljinovié¢ & Skunca 2003). By model-
ing these interactions, ABM is capable of producing rich multidimensional system and agent-level data that can
serve asimportant measures of system performance (Lee et al. 2015) and provide researchers and policymakers
with a better understanding of how different factors affect agent behavior and resulting emergent system-level
behavior. These outputs can then support the development of effective strategies or policy interventions to
improve system design, performance, and outcomes (Holland 1992; Liu 2022).

However, as the number of different agents and the complexity of their behavioral logic increase, so does the
number of parameters and the overall complexity of the model. For example, models of evolution, epidemi-
ology, and biological systems can have more than 200 parameters available for experimentation (Garg et al.

JASSS, 29(3) 6, 2026 http://jasss.soc.surrey.ac.uk/29/3/6.html Doi: 10.18564/jasss.6161


http://orcid.org/0009-0009-1738-3347
http://orcid.org/0000-0003-0696-1884
http://orcid.org/0000-0002-0033-7864

1.3

14

1.5

2.1

2.2

2019), making it computationally expensive to explore the entire parameter space (R. Vahdati et al. 2019). ABM
also lacks established methods for interpreting large amounts of model-generated output data (James et al.
2021; Saltelli et al. 2019; ten Broeke et al. 2016), which has limited its ability to meaningfully inform real-life
system design or policy interventions. Moreover, specific guidance on efficient and effective presentation and
analysis of ABM outputs is lacking (Lee et al. 2015; Platas-L6pez et al. 2023).

The analysis of simulation output can be facilitated by the use of controlled experimentation with statistical
modeling or machine learning (Chen et al. 2006). The resulting approximation models, known as metamodels,
allow for rapid generation of approximated simulation output without running the time-consuming simulation
(Peredaetal.2017). Metamodels have long been established as a promising and reliable method to analyze sim-
ulation output (Friedman & Pressman 1988). Indeed, a review of applications of machine learning (ML) meth-
ods to ABM found that approximating the relationship between model inputs and outputs using ML techniques
can reduce computational costs (Platas-Lopez et al. 2023). Common techniques for developing metamodels
include classification and regression trees, random forest, support vector machines, and artificial neural net-
works. Methods like neural networks are considered “black box” approaches, due to their complex structures
and lack of interpretability, while other methods (e.g., random forest) provide better transparency and insights
into model behavior by providing metrics on relative variable importance (Musolf et al. 2022). However, creating
a reliable ML metamodel for a large and complex ABM might require thousands of runs to sufficiently capture
the variability across the input parameter space if an efficient sampling strategy (i.e., choice of simulation input
parameter combinations) is not used (Barton 2020; Janssen et al. 2019).

To reduce the number of simulation runs while ensuring that the required accuracy is achieved, metamodels
can be used to guide the sampling approach, as with adaptive or sequential sampling (Crombecq et al. 2009).
With sequential sampling, candidate design points are iteratively generated and evaluated to test the meta-
model’s ability to predict simulation outputs accurately. A high variance in the predictions at a candidate de-
sign point indicates that the metamodel needs more information in that region to capture a complex nonlinear
input-output relationship. Therefore, the points with highest variance in predictions are chosen next to run
the simulation, then retrain the metamodel, until the metamodel achieves a desired accuracy (Liu et al. 2018).
Indeed, Edali & Yiicel (2019) applied sequential sampling to experimentation with two parameters of the well-
known Segregation ABM, allowing them to build a metamodel that suitably characterized ABM outputs over the
parameter space while also reducing the number of required runs. While these results were encouraging, the
authors pointed out the need for this approach to be tested on a larger ABM with more input parameters.

To address this need, the research described in this paper evaluates pure sequential sampling and mixed adap-
tive sampling methods to develop metamodels of a relatively small ABM (Segregation model) having two input
parameters and a larger ABM (crowd logistics model) with ten input parameters. Furthermore, various configu-
rations of these sampling algorithms were evaluated to guide agent-based modelers in exploring metamodel-
ing approaches to improve experimental efficiency and understand the extent to which each input parameter
influences output metrics. The paper reviews the literature on analysis of complex ABMs using metamodeling
and then describes the sequential and mixed adaptive sampling algorithms in detail. Experimentation and re-
sults with both ABMs are described, including insights into the relationships that were revealed between model
parameters and platform performance metrics, followed by a conclusion and recommendations for future re-
search.

Literature Review

This section reviews the literature on ABM output analysis, including traditional design of experiments, meta-
modeling using machine learning, and sequential sampling to efficiently explore the ABM parameter space.

Experimental designs for output analysis

ABMs produce multi-dimensional data resulting from repeated micro-level agent behavior and interactions
over time. Increases in available computational power have allowed for the development of increasingly com-
plex models. However, increasing model size and complexity has led to greater challenges in assessing the
sensitivity of a model to varying experimental conditions (Lee et al. 2015). To reduce computational burden
and facilitate interpretation of relationships between input parameters and output metrics of interest, a variety
of different statistical approaches can be employed. Design of experiments is a systematic approach to design-
ing a statistically valid experiment that obtains maximum useful information about the variation in the output
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metrics and their relation to the input parameters without requiring a complete parameter sweep (Dean & Voss
1999; Kasaie & Kelton 2015). For example, Alam et al. (2015) used an orthogonal array design to study the im-
pact of 25 input parameters at four levels in an ABM that simulated immune system response to Heliobacter
pylori infection. Similarly, Hussain & Ali (2019) used orthogonal arrays to experiment with an ABM of a flexible
manufacturing system with three factors of interest at three levels. However, construction of these experimen-
tal designs requires fixed levels for each factor, which restricts the choice of levels in a factor and can increase
the number of experimental runs required to maintain orthogonality (Bose & Bush 1952; Sloane 2012).

Oneway to mitigate these limitationsis to use space-filling experimental designs. The number-theoretic method
can be used to generate low-discrepancy sequences that result in space-filling designs with consistent and
evenly spread-out design points, unlike purely random sequences, which tend to cluster in some areas and
leave gaps in others (Fang & Wang 1993). Among these, Sobol’ sequence is widely used, as it generally performs
better in higher dimensional space by covering the parameter space more evenly than other designs, such as
Halton and Hammersley (Atanassov et al. 2021; Azmin & Stobart 2015; Burhenne et al. 2011; Sobol 1967). Low
discrepancy sequences like Sobol’ enable a thorough exploration of the parameter space in a simulation, which
is crucial for accurately understanding the influence of input parameters on model outputs (Sobol 2001).

Saltelli sampling extends Sobol’s method by tailoring the sequence to facilitate variance-based global sensitiv-
ity analysis, which systematically quantifies the influence of input parameters on the variability of model out-
puts in a simulation (Saltelli et al. 2008). Venugopalan et al. (2023) used Saltelli sampling to perform sensitivity
analysis on an ABM that simulated an epidemic within a small community. Their objective was to determine
which of four state transition probabilities (e.g., transitions from susceptible to exposed, or exposed to infected)
had the most significant impact on the spread of the disease by running 320 experiments with 5 replications.
However, Saltelli sampling is computationally expensive for a larger number of input parameters, because all
Sobol' sample points must be labeled, meaning every design point must have a corresponding output value,
which can only be determined by running the ABM.

An alternative method that has been used for ABM output analysis is causal discovery. Causal discovery helps
interpret the influence of inputs on outputs by identifying cause-and-effect relationships among variables using
observed data. This is often achieved through algorithms that infer causality and represent the relationships as
directed acyclic graphs (Huber 2024). However, evaluating a model with many input parameters can complicate
the structure of the causal relations, making interpretation and validation more challenging (Chang et al. 2023,;
Cheng et al. 2024).

Metamodeling

The challenges discussed in the previous section on output analysis can be mitigated by developing metamod-
els. A metamodel serves as a simplified representation of an ABM, capturing the complex nonlinear relation-
ships between the model’s input parameters and output data. It emulates the ABM, enabling rapid predictions
for new input configurations without the need for full-scale simulations.

Machine learning (ML) is a broad field of algorithms that adaptively learn patterns from data and work effec-
tively with complex, nonlinear, or unstructured datasets (Rasmussen 2004). ML approaches have been widely
applied to all phases of ABM development, including design and validation, as well as output analysis (Platas-
Lopez etal. 2023). In their research comparing the performance of various ML metamodels based on their mean
squared error (MSE), Angione et al. (2022) trained the models on 200, 400, 800, and 1600 ABM runs with 10 input
parameters. Across the independent simulation runs, they found that the neural networks ML model consis-
tently achieved the highest prediction accuracy, although it required significantly longer training times com-
pared to other methods. Larie et al. (2021) and Chen et al. (2021) have developed neural network metamodels
of ABMs simulating the progression of sepsis and spread of bacteria, respectively. However, the models could
not be used to assess the influence of input parameters on the output due to the lack of interpretability of neu-
ral networks (Frasca et al. 2024). ML algorithms such as k-means clustering algorithms have also been used
for ABM output analysis (Li et al. 2022); however, challenges include random initialization of centroids, suscep-
tibility to outliers, and inefficiency in high-dimensional data due to the curse of dimensionality (Ahmed et al.
2020). Similarly, using support vector machines presents challenges, such as managing high-dimensional and
noisy data, selecting appropriate kernel functions, and interpreting the models, because the complex decision
boundaries (i.e., surfaces that separate different classes in the feature space) make it difficult to directly link
input variables to the output (Cervantes et al. 2020).

Another ML method used for metamodeling is decision trees, which make predictions by recursively splitting in-
put data into subsets based on their value, using criteria like information gain or Gini impurity to determine op-
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timal splits (Quinlan 1986). Bhattacharjee et al. (2019) used decision trees to explore and explain the decision-
making behaviors of agents in an ABM that simulated the communication of fear and safety signals among
animals in a foraging context. While decision trees are interpretable, their simplicity can limit their ability to
capture the complex interactions in dynamic systems like ABMs (Breiman et al. 2017). Ensemble methods ad-
dress this issue by combining multiple decision trees and employing techniques such as bagging (e.g., ran-
dom forests) (Breiman 2001) and gradient boosting to improve the accuracy and robustness of the resulting
metamodel. Gradient boosted trees (e.g., XGBoost) is a specific type of boosting where decision trees are built
sequentially, with each decision tree correcting the errors of the previous one by optimizing a loss function
(Friedman 2001). These techniques can efficiently handle high-dimensional input spaces, enabling the identifi-
cation of key drivers of system behavior and offering more precise insights into how input parameters influence
outcomes, making them a good choice for developing ABM metamodels (Breiman 2001; Chen & Guestrin 2016).
Furthermore, Papacharalampous et al. (2023) and Shao et al. (2024) found that boosted trees generally outper-
form random forest, in terms of prediction accuracy.

To efficiently utilize computational resources while enhancing the metamodel's prediction accuracy, sequen-
tial or adaptive sampling techniques can be employed to choose which sample points should be used for run-
ning the simulation (Crombecq et al. 2011). These techniques focus on highly nonlinear parts of the parameter
space, since these regions are more likely to exhibit complex behavior that significantly impact the model's
performance and accuracy (Crombecq et al. 2009). Edali & Yiicel (2019) demonstrated the use of sequential
sampling with a random forest ML model to refine a metamodel of two well-known ABMs: the Segregation
model (Schelling 1971) and the Traffic model (Nagel & Schreckenberg 1992). They used the variance in the pre-
dictions of the individual decision trees to help select new sample points to iteratively retrain the metamodel.
In this process, all the new points selected were in the regions where the nonlinearity was highest, leaving other
regions unexplored.

Indeed, in sequential sampling, exploiting patterns in the current metamodel risks focusing excessively on re-
gions where the response surface is already sufficiently modeled and potentially overlooking other critical re-
gions. Thisissue can be mitigated by adopting a sequential sampling framework proposed by Ozik et al. (2018),
who developed a metamodel of an ABM simulating the spread of an infectious disease. In each iteration, five
new points were selected using the metamodel, while five additional points were randomly sampled, seeking
a balance between exploitation and exploration. However, a potential limitation is the selection of five points
via exploitation using the same current metamodel, which means they are all based on the same information.
While selecting multiple points for exploitation might seem appropriate to speed up the algorithm, only the
first point is maximizing the exploitation aspect, and the remaining four are suboptimal and likely redundant.
Leveraging exploitation requires obtaining the information on the response surface from that first point before
deciding on the next point. Therefore, selecting just one point per iteration can help maximize information gain
and avoid redundancy, as Cohn et al. (1994) suggest for improving generalization, while Liu et al. (2018) note
that it can be simpler and more effective.

Further, instead of random sampling, exploration can also be improved using the mixed adaptive sampling ap-
proach proposed by Eason & Cremaschi (2014). The selection of a new point is not only based on the variance
in the metamodel’s predictions (i.e., exploitation), but also on the distance of the new points from the exist-
ing points that have been used to train the metamodel (i.e., exploration), thereby enabling exploration of the
parameter space. The authors demonstrated the effectiveness of this approach by applying it to the Ackley
function in MATLAB. Pure adaptive sampling or sequential sampling was unable to model the response surface
accurately, while the mixed adaptive sampling approach effectively captured the nonlinearities of the Ackley
function Eason & Cremaschi (2014).

Research contribution

The overarching question that this research seeks to address is: What is the best approach to developing an
ML metamodel to serve as an ABM surrogate, in terms of computational efficiency, prediction accuracy, and
interpretability? Previous research demonstrated that using sequential sampling to build ML metamodels of
small-scale ABMs (i.e., Segregation and Traffic) is an effective approach, enabling strategic selection of design
points with which to run the simulation (Edali & Yiicel 2019). However, this approach has not been tested on
an ABM with more than two input parameters, wherein it could be quite valuable in reducing the number of
required simulation runs and facilitating output analysis and interpretation of model behavior. Furthermore,
the performance of different sampling algorithm configurations has not been fully explored.

The research described in this paper seeks to address these gaps by comparing the performance of a sequen-
tial sampling algorithm that purely exploits (SSA) with the performance of a mixed adaptive sampling algorithm
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(MASA) in developing tree based random forest ML metamodels of two ABMs: the Segregation model (a small
model with two input parameters) and a stylized model of a crowd logistics system (a larger model with 10
input parameters). Tree-based algorithms, as discussed earlier, offer a balance between accuracy, efficiency,
robustness, and interpretability, making them an excellent choice for creating metamodels of ABMs for output
analysis. The Segregation ABM was chosen to serve as a baseline model for comparison, while the crowd lo-
gistics ABM was chosen for practical reasons: prior experimentation with this model had faced significant chal-
lenges with respect to computational intensity and output interpretation, limiting its usefulness in research.
With 10 input parameters having 5 experimental levels, a full factorial experiment with only single replications
would require 5'° = 9,765, 625 runs, where each run requires up to 20 minutes. It was hoped that metamodel-
ing could be employed to reduce this computational burden while also providing meaningful insights into the
relationships between model inputs and outputs.

Research Methodology

This section describes the implementation of the pure sequential sampling algorithm (SSA) and the mixed
adaptive sampling algorithm (MASA).

Pure sequential sampling

With the pure exploitive sequential sampling algorithm (SSA), an initial set of space filling points is generated
using an experimental design, such as Latin Hypercube or Sobol sequence. These points are then divided into
training (S) and test data sets (T'), where the simulation is first run for all test points with at least 30 replications
per point. The responses of these 30 replications per design point are averaged to generate one target output
per point. Once the test data has been acquired, a few points are chosen from the training set to run the simu-
lation (responses are again averaged over the number of replications). Any design point in the training set for
which simulation has been run is called a labeled design point and the remaining points are unlabeled. This
completes the setup process such that the algorithm can begin its first iteration.

The labeled data from the training set are used to train an initial metamodel (e.g., random forest), which can
then evaluate the prediction uncertainty at the unlabeled design points. Prediction uncertainty is calculated
using the standard deviation among the predictions made by the decision trees in the random forest meta-
model. In each iteration of the algorithm, the unlabeled design point with the highest prediction uncertainty
is chosen to run the simulation. The new data point is then added to the labeled dataset, and the model is
retrained on it. This process repeats until the computational budget is exhausted. The algorithm uses the test
data set to monitor metamodel performance, which is evaluated using coefficient of Determination (R2), de-
finedas R2 =1 — LEST?, where SSE is the sum of squared errors and SST is total sum of squares. The R? value
may also be used as a stopping criterion for the sequential sampling process. For an example of a detailed
implementation of this algorithm to analyze an ABM, refer to Edali and Yiicel (2019).

Mixed adaptive sampling

The pseudocode for the mixed adaptive sampling algorithm (MASA) is shown in Algorithm 1. Like sequential
sampling, initially, a set of input parameter combinations is generated for evaluation by the sampling algorithm.
For each ABM input parameter, a Sobol’ sequence with a pre-determined number of design points is generated.
Each sequence contains values between 0 and 1, which are then scaled according to the range of feasible values
for that input parameter to obtain the actual parameter values. In a Sobol’ sequence, any set of consecutive
points chosen from the sequence maintains the low-discrepancy property. Consecutive points in the Sobol’
sequences are splitinto sets S and T, where T is reserved to test the accuracy of the metamodel.

Set S'is further divided into two subsets Sy, (labeled points) and Sy (unlabeled points), where a pointis labeled
if the ABM has been run for that point and unlabeled otherwise. Because all points in .S will be unlabeled ini-
tially, they will all start in set Si;. Whenever a point p from Sy is chosen to run the simulation, it is removed from
Sy and added to Sp. Then, the ABM is initialized according to the input parameter values associated with point
p, and it is run for r replications to capture random variations in the output values. The minimum number of
replications needed (r) can be determined via a variety of different methods, including methods based on vari-
ance stability (i.e., tracking when the coefficient of variation or outer variance stabilizes), confidence interval
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Algorithm 1 Pseudocode for mixed-adaptive sampling
Input: S, T,n,d,m,r
Output: S;, Sy, D, B, [D]
Initializations: S;, <+ S[1,d + 1], Sy + S\ Sp, D < SIMULATE(SL,), and By[D]

1. fork=1tondo

2 fori=1 toBz do

3 D; ;= Rj Vj € Spsuchthat D; ; C D;

4. DZ‘:U]-DLjWherejESL andDZ\D?ﬁL:@

5: Train b;[D \ D;]

6: end for

7 forallp € Sy do

8 PredictionSet, < b;(p) Vi€ {1,...,m}

9: o, < standard deviation of PredictionSet,
10: E, < Euclidean distance betweenpandj Vj e St
11: di"™ — min(E,)
12: end for
13: Calculaten, Vpe Sy
14: Select p with highest 1, and run the simulation r times (D < SIMULATE p)

150 Sy + Su\{p}

16: St « Sp U{p}

17: Record R? of By [D] using simulation data from T’
18: end for

bound variance (i.e., ensuring variability remains within a predefined proportion of a given confidence inter-
val), effect size and power analysis (i.e., controlling Type | and Type Il errors by computing the required sample
size for detecting a significant difference), and multivariate stability (i.e., accounting for multiple outcomes and
parameter sensitivities in complex models) (Lee et al., 2015).

Each design point in set S; along with the corresponding output data is stored in set D, which will be used
to train a ML metamodel represented by B,,[D]. Specifically, metamodel B will be trained on the data in set
D for n iterations of the mixed adaptive algorithm as shown in Algorithm 1. If a new point is added to the set
S, the simulation will be run for the new point, set D will be updated accordingly, and the metamodel will be
retrained. Before implementing the mixed adaptive algorithm, the ABM is also run using the points in test data
set T for r replications each, and the resulting output data is stored in set T" to evaluate the metamodel (B,,[D])
accuracy.

The minimum number of design points required to build an initial metamodel By[D] must be greater than or
equal to the number of input parameters (d) plus one, so that the model has enough data points to establish
meaningful relationships between inputs and outputs. Therefore, to initialize the mixed adaptive sampling
algorithm, the ABM is first run on the design points in Sy; having an index of 1 to (d + 1), and Sy, S, and D
are updated accordingly. After this initialization is completed, the algorithm can begin guiding the sequential
acquisition of simulation data.

In each iteration of the mixed adaptive sampling algorithm, to select a point from Sy to run the ABM, the point’s
quality is evaluated by a process that balances exploitation of the simulation data and exploration of the pa-
rameter space. To exploit the datain set D, it is divided into m mutually exclusive subsets, where D; represents
the i'" stratified subset of D (lines 2-6). A stratified sample ensures that each design point and its correspond-
ing output data is represented equally in the m subsets. For example, if the ABM is executed for each design
point in Sy, with 30 repetitions and m = 5 subsets, each D; is created in such a way that it contains the aver-
age of the 6 output values of a given design pointin Sy, to ensure balanced coverage across repetitions. The m
stratified mutually exclusive subsets of D are used to train m sub-models represented by b;[D\ D;] where b; is
a ML model trained on set D excluding D;. For each point p in Sy, a set of m output predictions are made by
the sub-models, denoted as prediction set PredictionSet, (lines 8-9). Prediction uncertainty is then estimated
as the standard deviation of the values in PredictionSet,, denoted as &, , where higher values imply greater
disagreement among the sub-models, indicating nonlinearity (complexity) in the input-output relationship at
point p. Prediction uncertainty (5,,) can be leveraged to identify highly complex regions in the parameter space,
which can then be targeted (exploited) for additional simulation runs, ultimately enhancing the metamodel’s
prediction accuracy.

However, relying on prediction uncertainty alone to select new points from Sy could lead to oversampling in
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nonlinear regions of the parameter space. By repeatedly sampling in well-explored nonlinear regions, the algo-
rithm could leave other complex regions underexplored, failing to discover potentially critical relationships and
wasting computational resources. To prevent this and encourage exploration of the parameter space, Euclidian
distances between each point p in Sy and the labeled points in Sy, are calculated and stored in a set F,,. The
smallest value in E,, is denoted by d;‘]”‘ (lines 10-11), which quantifies the proximity of unlabeled point p to the
labeled points (S1.). Choosing points with the highest values of d;‘]”‘ (i.e., those farthest from S1) and running
the ABM using these points to retrain the metamodel enable exploration of regions farther from S;..

To balance the benefits of exploitation and exploration, the quality of point p is evaluated as ), (line 13) accord-
ing to Equation (1), where 5,and dg’i" are normalized with respect to their maximum values among the points
in Sy. To control the extent of exploration and exploitation by the algorithm, weights w, (Exploration ratio) and
w,. (Exploitation ratio) which add up to 1 are used as shown below.

min ~
dy Op

e max(dmin) e

In each iteration of the mixed adaptive sampling algorithm, the point with the highest value of 7),, is chosen to
run the simulation (line 14). The newly acquired data is updated in set D, and point p is removed from S;; and
added to Sy, (line 15-16). The model is retrained on updated set D, and this process continues until simulation
data on n new points is acquired, where n is chosen based on the computational budget.

This formulation mitigates the risk of sampling process being misguided by random noise. Because the uncer-
tainty metric is calculated using ensemble subsets trained on averaged data partitions, random variation from
individual simulation runs is filtered out before models are evaluated. Therefore, the disagreement among the
sub-models reflects true model ignorance rather than unfair or noisy data partitions. Additionally, the algo-
rithm balances this uncertainty against the spatial nearest-neighbor distance constraint. This distance factor
prevents the algorithm from being stuck in localized, noisy areas. Together, these two components ensure that
the sampling process is robust and reliably selects points based on a clean mix of data scarcity and spatial gaps.

Case Study 1: Segregation ABM

The Segregation ABM represents two groups of agents residing in a spatial grid (representing a city), in which
the agents may choose to relocate in each time-step based on their neighborhood composition preferences, as
described by Schelling (1971). The Segregation model has two input parameters: population density (modeled
as percentage) and percent similar wanted. The population density parameter determines the percentage of
grid cells occupied by agents, and the percent similar wanted parameter specifies the proportion of neighboring
agents that an agent expects to be of its own type.

Implementation of sampling algorithms

Arandom forest machine learning model with 100 decision trees and default values for other hyper-parameters
(i.e., maximum depth = none, minimum sample leaf = 1, maximum features = 1.0) was chosen to develop meta-
models of the Segregation ABM. A random forest works by building a large collection of independent decision
trees usingrandom subsets of data and input features. Each individual tree in the “forest” generates its own pre-
diction based on the specific information it was given. The algorithm then combines these results by averaging
them to make a final prediction for a given input parameter combination.

To generate the ABM input parameter combinations, a Sobol’ sequence with 2 input parameters and 6000 design
points was generated. The points indexed from 1 to 1000 were assigned to set .S, while the remaining points
were assigned to set 7. Because the Segregation model is a relatively small model and produces outputs with
low variability between replications, 30 replications were deemed sufficient, and the mean response was used
as the target to train the random forest metamodels.

Pure sequential sampling (SSA), utilizing pure exploitation, was implemented for two different configurations:
adding one point per iteration or five points. Mixed adaptive sampling (MASA) was executed with six differ-
ent ratios of exploration and exploitation weightages while creating five subsets of data (m = 5) to build the
prediction sets. Each experimental scenario was repeated three times using random seeds 30, 120, and 210.
Each algorithm ended with the same number of labeled points by the final iteration; for example, an algorithm
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adding five points per iteration would only require 14 iterations to add 70 labeled points, whereas an algorithm
adding one point per iteration would require 70 iterations.

Figure 1 shows the final R? of all scenarios. It can be observed that SSA always tends to outperform MASA.
Furthermore, when the MASA explore/exploit weights are equally balanced at 0.5, there is smaller variation in
the metamodel R2.
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Figure 1: Comparison of R? for different SSA and MASA configurations for Segregation model.

Figure 2 compares the improvement in R? calculated on test data in each iteration of SSA with one point added
periteration (Figure 2a), MASA with one point added per iteration and the explore/exploit ratio at 0.5/0.5 (Figure
2, panel b), and SSA with five points added per iteration (Figure 2, panel c), all of which used a random seed of
120 (trends for all seeds were similar). The performance of the algorithms when one point is added per iteration
stabilizes by 40 iterations, as seen in Figure 2 a and b panels. However, in SSA when five points per iteration are
added (Figure 2c), the R? continues increasing until termination. Furthermore, it can be observed that MASA
achieves a higher R? faster than SSA. As shown in Figure 2, MASA reaches an R? of approximately 0.9 after about
20 simulations, whereas SSA (Figure 2, panel a and c) remains below this level at the same sampling budget. It
is also important to note that adding five points per iteration requires half the run time of SSA and MASA with
one point added per iteration. Overall, SSA (R? = 96%) slightly outperforms MASA (R? = 94.5%).

Though MASA with equal weights on exploration and exploitation yields a slightly lower R? value than SSA, eval-
uating the points chosen by the algorithms reveals another perspective. Figure 3 plots the initial set of labeled
points for which the simulation was run prior to implementing SSA and MASA (shown in blue) and the points
chosen by the algorithms (shown in orange), where each point represents a different combination of the ABM
input parameters ‘population density’ and ‘percent similar wanted’. Figures 3a and 3c show that SSA results
in clustering of points in the nonlinear regions of the parameter space, as previously identified by Edali & Yiicel
(2019). However, SSA leaves other regions underexplored. By contrast, MASA with equal explore/exploit weights
(Figure 3, panel 3) provides a more even distribution of point selection, indicating that the algorithm main-
tains global coverage and ensures that the metamodel remains robust across all input combinations. There-
fore, MASA learns the entire parameter space while still focusing enough samples on complex nonlinear regions
thereby providing a more thorough representation of the ABM’s behavior at the cost of a marginal decrease in
peak R2.

Case Study 2: Crowd Logistics ABM

To compare the performance of the sampling algorithms on a larger-scale model, an ABM representing a crowd
logistics network with ten input variables was also studied. Crowd logistics is an initiative that provides logistics
services (i.e., storage and/or delivery of packages and other items) by using the excess resources and capabilities
of a large group of anonymous participants (referred to as the “crowd”), where coordination is enabled by infor-
mation and technology platforms like websites and mobile applications (Carbone et al. 2017; Mehmann et al.
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Figure 2: Metamodel accuracy per iteration for (a) SSA adding one point per iteration (b) MASA adding one point
per iteration with exploring ratio = exploitation ratio = 0.5 (c) SSA adding five points per iteration.
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Figure 3: Scatter plots showing new points chosen by (a) SSA adding one point per iteration (b) MASA adding
one point per iteration with exploring ratio = exploitation ratio = 0.5 (c) SSA adding five point per iteration.
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2015). Crowd logistics has its origin in the term “crowdsourcing” in which tasks (e.g., data collection, content
moderation, transportation) are outsourced to individual participants in the crowd (Howe 2006). Participants
in a crowd logistics initiative include “senders,” who are seeking delivery services, and “carriers,” who are seek-
ing opportunities to make deliveries for senders in exchange for a fee. A variety of crowd logistics services exist,
including Uber Freight, Instacart, Postmates, DropOff, Amazon Flex and DoorDash.

Animportant phenomenon impacting the growth rate and sustained success (or failure) of crowd logistics plat-
forms is network effects, in which the value of a product, service, or platform depends on the number of buyers,
sellers, or users who leverage it (Stobierski 2020). To the senders, the value of the crowd logistics platform in-
creases as carrier participation increases because they are more likely to quickly find a satisfactory carrier, and
carriers benefit when there are more senders because there are more work opportunities, which points to indi-
rect network effects (Evans & Schmalensee 2010). When senders and carriers with heterogenous objectives and
behaviors interact repeatedly over time via a crowd logistics platform, the resulting complex network dynamics
can either lead to platform growth, sustainment, or decline, as participants decide to join or leave the platform.

Thus, it is critical for platform owners to clearly understand the underlying motivations of participants and
ensure that their needs are met so that they continue participating and encourage members of their social net-
works to join, as well. Dynamic participant interactions and feedback loops create complex network effects
that make it difficult to predict how participant behaviors on both sides of the platform (i.e., senders and car-
riers) will affect individuals’ ongoing decisions to continue participating, as well as the likelihood and scale
of platform growth and success at the system level. ABM offers the ability to model individual participant at-
tributes, preferences, and dynamic behaviors and then evaluate emergent platform performance metrics over
time, making it a particularly useful tool to support the design of successful crowd logistics platforms Kulkarni
& Krejci (2023). Malan (2022), Calabro et al. (2023), and Cramer & Fikar (2022) have developed ABMs of crowd lo-
gistics networks; however, due to the large number of possible parameter settings and computational resource
constraints, only a limited number of input parameter combinations were explored.

In previous work, an ABM of a fictitious crowd logistics network was developed Kulkarni & Krejci (2023) in which
senders and carriers are autonomous agents that must repeatedly decide whether or not to participate in the
platform. The model’s purpose was to explore how certain parameters (i.e., agent behavior rules and platform
characteristics) influence key platform performance metrics (i.e., total number of agents participating and cu-
mulative platform revenue). In each tick (where a tick represents one day), the platform attempts to match
senders’ delivery requests with carriers via a matchmaking process based on trip costs, which are calculated
using Euclidean distances between a carrier agent’s location and the sender’s desired delivery destination. If
there is a suitable match between a carrier and a sender, the carrier makes the delivery on behalf of the sender,
who pays for it. The platform earns a portion of this transaction as a commission, which contributes to its rev-
enue. Senders and carriers have heterogeneous attribute values that influence their repeated decisions regard-
ing whether or not to join/leave/continue participating in the platform. More details on the ABM are provided
in the Appendix.

Experiments were performed to test the influence of differentinput parameter values related to platform design
and implementation, as well as agent attributes, on carrier/sender participation levels and overall platform rev-
enue over time. One finding from preliminary experimentation with the model was the apparent importance of
initial platform participation, suggesting that growth and sustenance of a crowd logistics platform relies heav-
ily on having a critical mass of participants when the platform is launched. However, these conclusions were
not robust or definitive, because only a limited set of input parameter configurations were explored; running
all combinations of 10 input parameters at different levels for multiple replications proved computationally
expensive.

Implementation of sampling algorithms

To address the challenge of experimentation with an ABM having a large parameter space, the sampling algo-
rithms that were tested on the Segregation model (Section 4) were applied to the crowd logistics model. As
before, SSA with one and five points added per iteration and MASA with varying explore/exploit weights were
used to generate random forest metamodels of the ABM.

To build a reliable ML metamodel which is robust against uncertainty and performs consistently on unseen
data, the variability in the ABM output must be represented sufficiently through replication of simulation runs.
To determine the minimum number of replications r that are needed, coefficient of variation (CV) was used.
CV normalizes variability relative to the mean, making it applicable to a wide range of distributions without as-
suming normality. Furthermore, it allows for direct assessment of the stability of output variability by showing
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how variation in ABM outputs changes as more replications are added. Unlike effect sizes or confidence inter-
vals, which require subjective choices of thresholds to determine number of replications, CV provides a scale-
independent measure of variability which naturally converges, indicating when enough replications have been
executed, making it particularly useful in ABMs where multiple model outputs on different scales need to be
studied simultaneously (Banks et al. 2010). To determine the value of r, a preliminary run of the mixed adap-
tive algorithm was used to develop a random forest metamodel predicting the ABM output metric “cumulative
platform revenue” after 60 simulated days. Atr = 150, the coefficient of variation stabilized for both cumulative
platform revenue and total platform participation, so 150 replications were deemed sufficient.

Once the number of replications was established, the next step was to execute the sampling algorithms to cre-
ate the metamodels that would be capable of predicting the two key ABM outputs. Random Forest was used
to develop metamodels for ‘Cumulative Platform Revenue’ (y.,) using pure sequential sampling with one/five
point per iteration (‘Seql’ and ‘Seq5’) and mixed adaptive sampling with one point per iteration (MAS1) repre-
sented by R, [D], RS s[D] and R{’y 5, [D]. In parallel, using the simulation data generated by these algo-
rithms, a second metamodel was trained for ‘Total Participation’ (y,) represented by Rg?eql (D], Rgpeqs[D] and
R 1 [D]. To generate the ABM input parameter combinations, a Sobol’ sequence with 10 input parameters
and 2000 design points was generated. The points indexed from 1 to 1500 were assigned to set .S, while the re-
maining points were assigned to set T'. The settings used to execute the mixed adaptive sampling and random

forest algorithm have been summarized in Table 1.

Parameter Description Value
Mixed n Number of iterations 250
m Number of sub-models in each it- 5
eration
r Number of replications of each de- 150
sign point
Random Forest No. of trees Number of decision trees 300
Max depth Maxnumberoflevelseachtreecan 8
grow (if “None,” trees can grow in-
definitely)

Min. sample leaf ~ Min number of data points re- 2
quired to be in final leaf node

Max features Percentage of input features each 0.7
tree considers at each split

Table 1: Parameters of mixed adaptive sampling and random forest metamodel.

As with the Segregation model, experiments were repeated using three different fixed random seeds. It was
also ensured that each algorithm produced the same number of labeled points by the final iteration. Therefore,
for SSA and MASA with one point added per iteration, the algorithms were run for 250 iterations, whereas SSA
with five points per iteration was run for 50 iterations. Figure 4 compares the improvement in R? calculated
on training, test, and Out of Bag (OOB)) data with each iteration of the algorithms, all of which used a random
seed of 120 (trends for all seeds were similar). The OOB R? is an ensemble-level score where each data point’s
prediction is made by aggregating only the trees which excluded that point during training. Figure 4 (panel a
and c) shows the results for SSA with 1 and 5 points, respectively, and Figure 4 panel b shows the performance
of MASA with weights of 0.45 on exploration and 0.55 on exploitation.

While the high train R? in comparison to test R? indicates a degree of overfitting, the model remains effective as
the consistently strong and stable test 2? proves that the metamodel has successfully captured the underlying
global relationship between inputs and the outputs. As seen in Figure 4 (panel a and c) for SSA, the test R? is
higher than the OOB R?2, suggesting the model may be capturing local trends that do not translate as robustly
to random internal validation. On the other hand, for MASA, OOB R? tracks much closer to and occasionally
exceeds test R? as seen in Figure 4 (panel b). This indicates that it explores the design space more thoroughly,
thereby creating a model that is globally robust and has learned the underlying structure rather than noise
which is just locally accurate to the test set.
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Figure 4: Metamodel accuracy per iteration for (a) SSA adding one point per iteration (b) MASA adding one point
per iteration with exploring ratio = 0.45 and exploitation ratio = 0.55 (c) SSA adding five point per iteration.

Evaluation of algorithms

To be successful, a crowd logistics network must have enough participants (carriers and senders) to consis-
tently make satisfactory matches that earn the platform revenue through transaction fees. To measure the
performance of the crowd logistics ABM, the total participation (sum of participating carriers and senders) and
the cumulative platform revenue at the end of 60 simulated days (ticks) were tracked. Figure 5 shows the fi-
nal test R? values for Cumulative Platform Revenue (y.,,) using SSA (1 and 5 points) and MASA (exploitation
weights set to 0.50, 0.55 and 0.60) with three different seeds (30, 120, and 210). SSA performs similarly to MASA
with explore/exploit weights at 0.45 and 0.55, reaching a peak test accuracy value of ~ 65%. It is worth noting
that MASA with equal exploitation and exploration weights performs the worst, resulting in 54.9%, 62.2%, and
44.2% for final R? values.

Figure 6 compares the final test accuracy of random forest metamodels for Total Participation (y;,). As with
the random forest metamodels for cumulative platform revenue, metamodels for total participation built using
MASA with an exploitation ratio greater than 0.5 give a better test accuracy (approximately 82%). However, in
this case SSA slightly underperforms compared to MASA, with an average R? value of ~ 79%.

These results indicate that MASA with an exploit weight of 0.55 and an explore weight of 0.45 has the overall
best performance and hence was chosen to develop interpretations of the metamodels for both ‘Cumulative
Platform Revenue’ (y.,.) and ‘Total Participation’ (y:,) in the next section.

Interpretation of results
The relative importance and the effects of changing each of the ten parameters in the crowd logistics ABM were

of interest. Accordingly, this section first examines the feature importance of the ten ABM input parameters.
Then, for the most important features (input parameters), one-way partial dependence plots are presented,

JASSS, 29(3) 6, 2026 http://jasss.soc.surrey.ac.uk/29/3/6.html Doi: 10.18564/jasss.6161



5.15

0.65 1 ?
= . o
x L L]
o »
0.60 1 . i Algorithm
x @ Pure exploitation hl
® Pure exploitation h5
~ 0551 e @ Mixed adaptive sampling
o« Seed
e 30
s 120
S04 . 210
0451
05 06 0.7 08 09 10

Exploitation_ratio

Figure 5: Comparison of R? for various algorithms and their configurations for crowd logistics model with av-
erage cumulative revenue as the output metric.
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Figure 6: Comparison of R2 for various algorithms and their configurations for crowd logistics model with total
participation as the output metric.

which graphically illustrate the marginal effect of a feature on predicted outcomes while averaging out the ef-
fects of all other features. Finally, some key two-way partial dependence plots are presented, which illustrate
the joint effect of two features on predicted outcomes.

Feature importance

Feature importance quantifies the degree to which each feature contributes to reducing variance (mean squared
error) averaged across all decision trees and is weighted by the number of samples each split affects. This al-
lows the modeler to identify which parameters are the most influential in driving system behavior. Figures 7 and
8 show the feature importance scores for cumulative platform revenue and total participation, respectively. For
both performance metrics, “Average decision criteria,” which represents the criteria participants use to decide
whether to continue participating with on platform, has highest importance. The second-ranked parameter for
total participation is “Average evaluation period,” which represents the number of days agents wait, on average,
before making a decision about whether to participate. Second in importance for cumulative platform revenue
and fourth for total participation is “Average sender pickup requests,” representing the average number of daily
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shipment requests created by senders. Indeed, the platform's survival depends on participation, and the de-
cision to participate depends on sufficient opportunities given by shipment requests. However, it should be
noted that the top importance score for both metrics is relatively dominant compared to the other features.

“Platform charges,” which represents the percentage of trip cost charged as a fee by the platform, is ranked third
in importance for cumulative platform revenue. Third for total participation and fourth for cumulative platform
revenue is “Average carrier trip limit,” the average of the maximum number of daily trips a carrier is willing to
make, which essentially limits the capacity of the platform to make deliveries. Overall, it is seen that variable
importance is primarily focused around 'Decision Criteria’ for total participation, while cumulative platform
revenue shows more dependence on the top four parameters. Therefore, the discussion in Section 5.3.2 will
consider the top four input features.

Decision_criteria
Average_Sender_pickup_request
platform_charges
Awerage_Carrier_trip_limit

Number_of_destinations

Features

Average_evaluation_period
Initial_Participating_Senders
Sender_time_value
Initial_Participating_Carriers

Average_Carrier_Profit_Percentage

¥ T T

0.00 0.05 0.10 OELS 0.20 0.25

Importance Score

Figure 7: Feature importance of the cumulative platform revenue metamodel.

An interesting finding from the feature importance results is that increasing the initial numbers of participating
carriers and senders (“Initial carriers” and “Initial senders,” respectively) does not have much effect on the plat-
form’s performance. Indeed, the feature importance results indicate that participants’ characteristics, prefer-
ences, and behaviors (e.g., average decision criteria, participation evaluation period, number of sender pickup
requests, carrier trip limit) have far greater impact on total participation and total platform revenue than the
number of initial participants. Interestingly, these results contradict findings from previous experiments Kulka-
rni & Krejci (2022), which suggested that initial participation was an important factor in improving the platform’s
odds of success. However, these experiments only tested a specific subset of all possible parameter combina-
tions, and this limited view may have yielded misleading conclusions regarding the relationships between the
input parameters and the output metrics. These results emphasize the importance of using an experimental
approach that allows for the inclusion of all relevant input parameters when experimenting with an ABM to
enable a correct and holistic understanding of the model’s performance and behavior.

Partial dependence plots

The top four features identified by the feature importance analysis for each prediction model were chosen for
further analysis using partial dependence plots.
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Figure 8: Feature importance of the total participation metamodel.

One-Way Partial Dependence Plots

In Figure 9 (panel a), a higher threshold specified for participation decisions leads to lower cumulative platform
revenue, where a noticeable drop in revenue occurs when a participant requires more than one match per day
to convince them to continue or join. Similarly, Figure 9 (panel b) shows a steep drop in total participation when
participants expect more than two matches per day on average. These results suggest that a platform manager
should seek to engage participants who expect the platform to provide them with occasional services/jobs,
rather than full-time work. However, it seems likely that limiting the participant pool to include only senders
and carriers with low expectations would be a barrier to long-term platform growth.
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Figure 9: One-way partial dependence plots showing the effect of average decision criteria on (a) cumulative
platform revenue (b) total participation.

Figure 10 (panel a) shows increasing platform revenue, rising almost linearly with the average number of daily
shipment requests created by senders. A significant jump in the revenue can be observed at an average of five
sender pickup requests. Figure 10 (panel b) shows similar results for total participation; however, it shows two
significant jumps when average daily shipment requests are set to three and five. This indicates that both plat-
form participation and revenue increase dramatically when senders are posting at least five delivery requests
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every day. This increases the variety of available sender-destination pairs, which improves matching opportu-
nities and enhances carriers' chances of securing matches. One way that a platform manager could increase
the volume of daily delivery postings would be to target commercial businesses to participate as senders, since
businesses are likely to make frequent and regular shipments to their customers.
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Figure 10: One-way partial dependence plots showing the effect of average sender pickup requests on (a) cu-
mulative platform revenue (b) total participation.

Figure 11 (panel a) shows platform revenue rising strongly beyond an average carrier maximum of four trips per
day, before leveling off around five trips per day. On the other hand, Figure 11 (panel b) indicates that partici-
pation continues to increase steadily until carriers’ maximum trips exceeds five per day, on average. Together,
Figures 10 and 11 suggest that to increase revenue and encourage participation, senders should post at least
five requests and carriers should be willing to complete at least four trips per day.
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Figure 11: One-way partial dependence plots showing the effect of average carrier trip limit on (a) cumulative
platform revenue (b) total participation.

Figure 12 shows that the cumulative platform revenue rises steadily as the number of destinations increases
to 30. Since destination expansion has an overall positive impact on revenue (Figure 8), this suggests that the
platform should offer more destinations to continuously grow revenue without reaching a visible saturation
point.

Figure 13 shows that participation increases rapidly after an average evaluation period of two days and plateaus
after four days, indicating that when agents make their participation decision based on only one or two days of
working for the platform, they are less likely to continue participation.

Two-way Partial Dependence Plots

One-way partial dependence plots reveal the independent effect of a single feature on the model output. How-
ever, two-way partial dependence plots are essential for uncovering interactions between features, showing
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Figure 13: One-way partial dependence plots showing the effect of average evaluation period on total partici-
pation.

how their combined effect on the model output differs from their individual impact. Thus, two-way partial de-
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pendence plots of all possible combinations of the top four important features of the Random Forest model
were generated, and a subset of these that indicated interactions and patterns different from the one-way plots
were identified.

In contrast with the one-way plot in Figure 10 (panel a), which indicates that platform revenue continuously in-
creases with an increasing number of sender pickup requests, Figure 14 (panel a) shows that this is not always
the case. Indeed, if the average decision criteria of the participants is greater than 4, this dampens the positive
effects of increasing pickup requests and keeps revenue relatively low. However, Figure 14 (panel a) does sug-
gest that having more than 5 pickup requests per sender each day can modestly support cumulative platform
revenue, even when the participants’ decision criteria is between 1 and 2.

Furthermore, Figure 14 (panel b) shows that platform revenue only increases with increasing sender pickup
requests if the average carrier trip limit is greater than 4, with an abrupt increase when the average carrier trip
limit and average sender pickup request values are both greater than 9.

HN W B G o [<-INT-)
Partial Dependenceles

ajuapuadaq |eiued 991

(a) (b)

Figure 14: Two-way partial dependence plots for cumulative platform revenue (a) Interaction between average
decision criteria and average sender pickup requests (b) Interaction between average carrier trip and average
sender pickup requests.

Although Figure 13 indicates that total platform participation increases significantly if participants require more
than 3 days to evaluate their participation decision, Figure 15 (panel a) indicates that if the participants’ average
decision criteria is greater than 2, average evaluation period does not have much impact on total participation.
However, participation drops with a decrease in the average evaluation period if it is less than 4 and the average
decision criteria is less than 2.

Figure 11 (panelb) shows that the average carrier trip limit has significantimpact on total platform participation
only until it reaches 5 trips, which is also observed in the two-way plot shown in Figure 15 (panel b). However,
Figure 15 (panel b) provides additional information: when the evaluation period of the participants is below 3
days, the total participation increases only modestly, whereas increasing the average carrier trip limit leads to
a much larger rise in participation when the evaluation period exceeds 3 days.

In summary, MASA provided a much deeper understanding of the crowd logistics ABM with just over 750 points
(250 points added iteratively and 500 points used to test accuracy of metamodels), which saved significant
computational effort.

Conclusion

Large and complex agent-based models have proved to be challenging to analyze, which can limit their use-
fulness. In an effort to improve computational tractability and interpretation of experimental outputs of such
models, this paper evaluates sampling approaches in which a metamodel (Random Forest) is trained iteratively
by a mixed adaptive sampling (MASA) and sequential sampling (SSA) algorithms. As these algorithms can be
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Figure 15: Two-way partial dependence plots for total participation (a) Interaction between average decision
criteria and average participation evaluation period (b) Interaction between average carrier trip and average
participation evaluation period.

executed under various configurations, experiments with ABMs of segregation model which has two input pa-
rameters and the crowd logistics model which has ten input parameters were conducted.

Segregation model results revealed that SSA leads to clustering of points in nonlinear regions due to exploita-
tion. On the other hand, MASA balances exploitation with exploration which ensures good coverage in param-
eter space while achieving performance comparable to SSA with fewer simulation evaluations. Similar results
were observed with the crowd logistics ABM. Feature importance analysis of the revenue and participation
metamodels of crowd logistics ABM identified the top four parameters which had the greatest influence on the
platform’s performance. Focusing on these top four input parameters, partial dependence plots were then gen-
erated, providing insights into the marginal impact of the most important features on the simulation output.
Through the techniques used in this study, the development of deeper insights into the impact of agent behav-
ior on the system level performance of an ABM has been made possible in a reasonable number of simulation-
runs (750 total runs). Additionally, the experiments conducted in this research could guide ABM modelers in
choosing an appropriate sampling method to analyze complex ABMs.

While the metamodeling approach demonstrated in this paper was successful in systematically and efficiently
exploring the ABM parameter space, the research does have limitations. Individual conditional expectation
plots can be used to highlight instances where the relationship between an input parameter and the predicted
simulation output deviates from the general trend, revealing potential interaction effects for further study. Fur-
thermore, the experimentation described in this paper did not establish which parameter settings would yield
the highest (i.e., optimal) cumulative platform revenue and total participation. Knowing the optimal parameter
settings using techniques such as gradient-boosted optimization, genetic algorithms, or Bayesian optimization
would greatly benefit a platform manager by helping them to identify the optimal configuration of the platform.

Appendix

Agent attributes

In each tick, senders generate multiple delivery requests, and it is assumed that they are willing to pay a car-
rier Sy to make a delivery d, where S;represents a percentage of the amount it would cost the sender to make
the delivery themselves. Carriers require a fee of at least C4 to make a delivery d for sender s, such that a
match can only occur between a sender and carrier if Cyq < S4. However, carriers have a trip limit on the total
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7.2

7.3

number of deliveries they are willing to make each day. Based on their level of satisfaction with the number
of successful matches the platform finds for them, senders and carriers regularly reevaluate their decision to
participate in the platform. This participation decision is based on the agent’s “decision criteria” value, which
acts as threshold for the average number of successful matches needed each day for it to be satisfied and con-
tinue participating. Each agent also has a set of “friends” within the carrier/sender network that influences its
participation decision, based on their satisfaction with the platform.

Initialization and Setup

During setup, 500 senders and 500 carriers are placed at home coordinates, with an experimentally-varied num-
ber of randomly-selected carriers and senders that initially participate in the platform. Each agent is assigned
a value for the number of “friends” they have of their own kind (i.e., carriers are only friends with other carri-
ers, and senders are only friends with senders), and these friends are randomly assigned to them (Majidi 2023).
Destinations to which the senders can request a delivery are created at random coordinates, where the total
number of destinations is experimentally varied.

Simulation

At the beginning of each tick, senders generate delivery requests, each of which the platform will attempt to
match to a carrier. Figure 16 shows the logic corresponding to a single match, in which a randomly chosen
carrier that has not reached its trip limit can match with a randomly chosen sender with outstanding delivery
requests only if the carrier’s fee (Cy) is less than or equal to the sender’s delivery cost (Sy). For carriers, Cyy
is calculated by adding the Euclidian distance between the carrier’s current location and the sender’s location
to the Euclidian distance between the sender and the destination. This total trip distance is then multiplied
with the sum of the carrier’s profit percentage and the platform charge, as shown in Equation 1. Similarly,
senders calculate trip cost by multiplying the round-trip distance from their current location to the destination
with their time value (i.e., how they value their time), as shown in Equation (2). Equation (3) is used to calcu-
late the revenue generated by the platform during the matchmaking process. To simplify the fictitious ABM, a
unit transportation cost of one monetary unit per unit distance was assumed. Consequently, the distance mea-
sures appearing in Equations 1-3 are numerically equivalent to transportation costs, ensuring unit consistency
throughout the model.

C P
Cot = (Dey + Do) - (1 + Gy 100) @
S
Sd_2~Dsd-(1+1OO> (3)
P
Rcsd = (Dcs + Dsd) . (100> (4)

Where:

o D_,: Euclidean distance between carrier c and sender s

« D, : Euclidean distance between sender s and destination d

« (Csq: Carrier cost for delivering a sender s delivery to destination d

« S4: Sender cost to make a delivery to destination d

o R..q: Platform revenue when carrier ¢ matches with sender s for destination d
« Cp: Carrier’s desired profit percentage

« P:Platform charge

« S:Sender’s time value
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7.5

7.6

Senders generate
pickup requests

<
<
Y

Platform matches a carrier and
sender if

Coa <= S84

No

Carriers deliver the packages
to the destinations

All potential matches
evaluated?

Figure 16: Agent participation decision logic.

A carrier agent that matched with a sender will deliver the package and then wait at that location to find a
new match. If the carrier finds additional matches, the deliveries will be completed, and the carrier waits at the
respective destinations to find more matches. However, if the carrier does not find any matches, the carrier does
not move until the matchmaking process has stopped, whereupon it returns to its home location. To ensure
efficient matchmaking in each iteration, senders that do not have any more pickup requests remaining and
carriersthat are unable to find a suitable match or have reached their trip limits are not chosen for matchmaking
in the next iteration. This iterative process stops when there are no more potential carriers or senders left to be
matched.

Carrier and sender agents track the number of successful matches found for them by the platform in each tick
in a “participation history” list. This list is used by the agents to evaluate their participation decision, where the
frequency of their participation evaluation is dictated by an “evaluation period” attribute, the value of which
varies among agents. During this evaluation, if an agent is not currently participating, it calculates the average
number of matches found by its friends and compares it with its own decision criteria value. If the friends’
average number of successful matches is greater than or equal to the agent’s decision criteria value, the agent
will decide to begin participating on the platform. On the other hand, if the agent is currently participating
on the platform during the evaluation, and if the average number of matches found in its own participation
history since the last evaluation is greater than or equal to its decision criteria value, then the agent continues
to participate. If this condition is not met, then the agent stops participating on the platform, although it may
decide to rejoin in the future if it observes its friends finding successful matches.

To determine how agent attributes and platform characteristics influence the performance of the crowd logis-
tics platform, ten simulation parameters were varied experimentally, as shown in Table 1. Table 1 also shows the
scope of the parameter, i.e., the agent or model class affected by that parameter. Each simulation was run for 60
ticks, and at the end of the 60" tick, two responses (i.e., platform performance metric values) were recorded,
namely cumulative platform revenue and total current participation on the platform (i.e., number of carriers
and number of senders).
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Scope of Pa- Parameter Description Parameter Possible Val-
rameter Name Type ues
Model Initial Carriers Number of carriers participating  Discrete [5,50]
on the first day
Model Initial Senders ~ Numberof senders participating  Discrete [5,50]
on the first day
Model Number of Number of destinations to Discrete [1,30]
Destinations which senders could request a
delivery
Carriers & Avg. Evalua- Average no. of days/ticks af- Continuous [1,10]
Senders tion Period ter which a participants evalu-
ate participation decision
Carriers Avg. Trip Limit ~ Average max no. of trips possi-  Continuous [1,10]
ble on a given day/tick
Carriers Avg. Profit Per-  Average percentage of delivery  Continuous [3,35]
centage cost charged as profit per deliv-
ery
Model Platform Transaction fee as a percentage  Continuous [2,20]
Charges  per of trip distance charged by the
Delivery platform per match/trip
Senders Avg. Delivery Average daily no. of pickup re-  Continuous [1,10]
Requests quests of senders
Senders Avg. Time Avg. percentage of delivery cost  Continuous [3,35]
Value as a value of time spent in deliv-
ering a package
Carriers & Avg. Decision Average min no. of jobs perday Continuous [0.25,10]
Senders Criteria required to alter the participa-

tion status during evaluation pe-
riod

Table 2: Core default parameters. Experimental dimensions change selected elements as indicated in Table 1.
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