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ABSTRACT

The relentless spread of antimicrobial resistance (AMR) poses a significant threat to global and Swedish public 
health, undermining the effectiveness of established antimicrobial therapies and increasing the burden of in-
fectious diseases [1]. Drawing upon the extraordinary work of Nobel Laureate Vernon Smith in experimental 
economics [2], this study employs a comprehensive simulation-based analysis to evaluate the impact of targeted 
interventions aimed at curbing AMR in Sweden [3]. Utilizing Python to generate synthetic data sets, we simu-
late intricate market behaviors, supply-demand dynamics, and stakeholder responses that mirror the Swedish 
healthcare system’s complexity [4]. This approach allows for a nuanced exploration of how different interven-
tions—ranging from stringent policy reforms to innovative behavioral nudges and extensive educational cam-
paigns [5] - can influence AMR dynamics. Notably, this study integrates and expands upon critical findings from 
seminal works, leveraging the experimental frameworks established by Vernon Smith [1,6] to deliver novel in-
sights into effective AMR management strategies. 
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Introduction
Antimicrobial resistance (AMR) has rapidly emerged as one of the 

most serious public health concerns of our time, not only in Sweden 
but globally [7]. The ability of bacteria to adapt and resist the effects 
of antibiotics threatens the very cornerstone of modern medicine and 
has the potential to turn even the most routine medical procedures 
into high-risk operations [8]. Sweden, like many other countries, fac-
es significant challenges in managing the rise of resistant infections, 
which are compounded by the complex dynamics of AMR’s evolution 
and spread within and across communities [9]. To address these chal-
lenges, this paper employs the pioneering experimental economic 
principles developed by Nobel Laureate Vernon Smith. His seminal 
work on using controlled laboratory settings to simulate market be-
haviors provides the methodological foundation for our approach 
[10]. By adapting Vernon Smith’s principles, notably from his re-
search demonstrated in “An Experimental Study of Competitive Mar-
ket Behavior” [11] and “Microeconomic Systems as an Experimental 

Science” [12], we are able to create a detailed and controlled simula-
tion environment that mirrors the intricate dynamics of the Swedish 
healthcare system [13].

Methodology and Data Generation 
1.	 Simulation Design: To address the complexities of antimicro-

bial resistance (AMR) and its impact on public health in Swe-
den, our study designs a series of controlled, simulation-based 
experiments reflecting various intervention scenarios [14]. 
Drawing on the experimental economic principles pioneered 
by Vernon Smith, these simulations are tailored to explore the 
potential effects of targeted interventions on AMR dynamics 
[15]. The simulations incorporate a variety of potential public 
health strategies, from stringent policy reforms to behavioral 
nudges and comprehensive educational campaigns, allowing 
us to examine their efficacy in a controlled yet realistic setting 
[16]. 
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2.	 Data Generation using Python: To create a realistic model of 
the Swedish healthcare market and its interaction with AMR, 
we generate synthetic data sets using Python (see Appendix 
Figure 1) [17]. This programming environment is chosen for 
its robustness and flexibility in handling complex simulations 
[18]. The generated data encapsulates key variables that in-
fluence AMR, which are crucial for studying the impact of var-
ious interventions: 

•	 Price Elasticity: Measures the responsiveness of antibiotic 
demand to changes in price. A lower price elasticity suggests 
that demand is less sensitive to price changes, which is im-
portant in scenarios where pricing strategies might be used 
to control antibiotic use [19]. 

•	 Demand: Represents the quantity of antibiotics demanded by 
the healthcare system, influenced by factors such as disease 
prevalence and public health policies [20]. 

•	 Supply: Indicates the availability of antibiotics, affected by 
manufacturing capacities, logistical capabilities, and regula-
tory decisions [21]. 

•	 Compliance: Reflects the adherence of healthcare providers 
and the public to AMR-related health guidelines and inter-
ventions [22]. 

The following table (Table 1) gives a snapshot of the theoretically 
generated data (first five raws and last five raws).

Table 1: Sample of Theoretically Generated Data (see Python Code in 
Appendix Figure 1).

Price Elastic Demand Supply Compliance

1 0 -1.051 1279.871 944.264 0.791

2 1 -1.241 1184.927 739.606 0.869

3 2 -1.006 1011.926 909.292 0.941

4 3 -0.743 870.631 766.599 0.741

5 4 -1.27 1139.645 1184.941 0.874

6 995 -1.284 1214.03 905.587 0.785

7 996 -0.661 994.694 1218.795 0.82

8 997 -1008 823.625 792.955 0.944

9 998 -1371 967.387 749.642 0.704

10 999 1.0 851.019 990.723 0.895

Appendix Figure 1: Python Code for Theoretically Generated Data and for Summary Statistics.
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Explanation of the Generated Data 
This dataset contains 1,000 rows, where each row represents a 

simulated data point. The columns correspond to four key variables 
influencing antimicrobial resistance (AMR) and healthcare dynamics 
in the Swedish context. Here’s a detailed explanation of each variable: 

Price Elasticity	

•	 Description: Measures how sensitive the demand for antibi-
otics is to price changes. 

•	 Distribution: Generated using a normal distribution with a 
mean of -1.2 and a standard deviation of 0.3. 

•	 Interpretation: Negative values indicate that as prices in-
crease, demand decreases (elastic behavior). A steeper slope 
implies higher sensitivity. 

Demand	

•	 Description: Represents the quantity of antibiotics demand-
ed in the healthcare system. 

•	 Distribution: Generated using a normal distribution with a 
mean of 1,000 and a standard deviation of 200. 

•	 Interpretation: Higher values suggest increased antibiotic 
usage, possibly due to outbreaks or higher disease preva-
lence. Lower values indicate reduced consumption, poten-
tially from effective public health interventions. 

Supply	

•	 Description: Reflects the availability of antibiotics in the 
healthcare system. 

•	 Distribution: Generated using a uniform distribution be-
tween 700 and 1,300. 

•	 Interpretation: Values within this range simulate realistic 
supply constraints and production levels in the market. 

Compliance

•	 Description: Indicates the level of adherence to guidelines 
related to antibiotic usage. 

•	 Distribution: Generated using a uniform distribution be-
tween 0.7 and 1.0. 

•	 Interpretation: Values closer to 1.0 indicate higher adher-
ence to prescribing guidelines and best practices, while val-
ues closer to 0.7 suggest moderate compliance. 

Table 2 shows a Summary of Generated Data.

Table 2: Summary of Generated Data (see Appendix Figure 1 for the 
Python Code).

Price Elastic Demand Supply Compliance

1 Count 1000.0 1000.0 1000.0 1000.0

2 Men -1.194 1014.167 998.109 0.845

3 Std 0.294 199.491 174.191 0.845

4 Min -2.172 411.922 700.007 0.7

5 25% -1394 878.752 848.503 0.771

6 50% -1.192 1012.776 1000.301 0.845

7 75% -1.006 1145.776 1148.936 0.971

8 max -1.004 1638.622 1299.336 1.0

Explanation of the Summary Statistics 
The summary statistics provide an overview of the key charac-

teristics of the generated data, helping to understand the distribution 
and variability of each variable. Here’s a detailed explanation of the 
statistics for each variable: 

Price Elasticity 

•	 Count: 1,000 observations. 

•	 Mean: -1.194, indicating a moderately elastic demand where 
a change in price significantly impacts the quantity demand-
ed. 

•	 Standard Deviation (std): 0.294, reflecting some variability 
in price sensitivity among scenarios. 

•	 Minimum (min): -2.172, showing extreme cases where de-
mand is highly sensitive to price. 

•	 25th Percentile (25%): -1.394, meaning 25% of observa-
tions are less elastic than this value. 

•	 Median (50%): Approximately -1.2, a common value repre-
senting typical price sensitivity in the simulated scenarios. 

•	 75th Percentile (75%): -1.006, indicating less sensitivity 
among the top 25% of observations. 

•	 Maximum (max): -0.044, where demand shows minimal 
price elasticity. 

Demand 

•	 Count: 1,000 observations. 

•	 Mean: 1,014 units, representing the average demand level. 

•	 Standard Deviation (std): 199.49, showing considerable 
variation, likely reflecting different demand scenarios (e.g., 
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seasonal surges or reduced usage). 

•	 Minimum (min): 411.92, indicating very low demand, per-
haps in low-incidence periods or due to interventions. 

•	 25th Percentile (25%): 878.75, the lower quartile of de-
mand. 

•	 Median (50%): 1,000 units, the most common demand level. 

•	 75th Percentile (75%): 1,145.78, suggesting higher demand 
scenarios in the upper quartile. 

•	 Maximum (max): 1,638.62, indicating peak demand likely 
driven by an outbreak or crisis. 

Supply 

•	 Count: 1,000 observations. 

•	 Mean: 998.11 units, reflecting an average supply close to the 
demand mean. 

•	 Standard Deviation (std): 174.19, showing moderate vari-
ability in supply levels. 

•	 Minimum (min): 700.01, highlighting scenarios with con-
strained supply. 

•	 25th Percentile (25%): 848.50, representing the lower 
range of supply levels. 

•	 Median (50%): 1,000 units, aligning closely with the demand 
median. 

•	 75th Percentile (75%): 1,148.94, indicating a robust supply 
in upper quartile scenarios. 

•	 Maximum (max): 1,299.34, demonstrating peak supply 
availability. 

Compliance 

•	 Count: 1,000 observations. 

•	 Mean: 0.845 (84.5%), reflecting high average compliance 
with AMR-related guidelines. 

•	 Standard Deviation (std): 0.085, indicating relatively small 
variation in compliance rates. 

•	 Minimum (min): 0.7 (70%), showing moderate compliance 
in the least adherent scenarios. 

•	 25th Percentile (25%): 0.771 (77.1%), representing the 
lower quartile of compliance. 

•	 Median (50%): 0.846 (84.6%), a typical compliance rate. 

•	 75th Percentile (75%): 0.917 (91.7%), suggesting high ad-
herence among the upper quartile. 

•	 Maximum (max): 0.999 (99.9%), almost perfect compliance.

Key Insights from the Summary 
•	 Price Elasticity: The distribution shows moderate variabili-

ty, with most values indicating significant sensitivity to price 
changes. This supports the use of pricing strategies in inter-
ventions. 

•	 Demand: The wide spread indicates the potential impact of 
external factors like public health crises or seasonal trends. 

•	 Supply: The close alignment of the mean supply and demand 
highlights an attempt to balance production with needs, 
though variability suggests potential mismatches. 

•	 Compliance: High average compliance rates reflect strong 
adherence to guidelines, but there is room for improvement 
in scenarios with lower adherence. 

This comprehensive summary helps identify trends, anomalies, 
and potential focus areas for intervention strategies to manage AMR 
effectively. 

Simulation Results and Analysis 
Following the summary statistics, the focus transitions to analyz-

ing the simulated data to evaluate the effectiveness of various AMR 
intervention strategies. This section presents both quantitative and 
visual insights, drawing connections between the theoretical data and 
real-world implications for Sweden’s healthcare system. 

Simulation Results 

Price Elasticity and Demand Analysis:

•	 Observations: A strong correlation is observed between 
price elasticity and demand. During scenarios of high elastic-
ity (closer to -1.0), demand is significantly influenced by price 
changes, whereas low elasticity scenarios (e.g., -2.0) show 
that price adjustments have minimal effects. 

•	 Implications: Pricing strategies, such as imposing higher 
costs on non-essential antibiotics, could reduce overuse, par-
ticularly in contexts where demand is highly elastic. 

Supply and Compliance Trends:

•	  Observations: Fluctuations in supply directly impact com-
pliance rates. In scenarios where supply constraints are se-
vere (e.g., values close to 700 units), compliance dips below 
80%, likely due to healthcare providers compromising on 
best practices to manage shortages. 

•	 Implications: Strengthening supply chains and ensuring 
consistent availability of antibiotics are critical for maintain-
ing high compliance rates. 
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Demand-Supply Balance and AMR Management:

•	 Observations: Imbalances between demand and supply 
contribute to significant pressure on healthcare systems. 
Scenarios with demand outstripping supply by 30% or more 
correlate with increased risks of misuse and the potential ac-

celeration of AMR (Figure 1). 

•	 Implications: Policymakers should consider demand fore-
casting models and buffer stock strategies to address season-
al spikes or unexpected surges in demand.

Figure1.

Visual Representation of Key Variables The following four plots summarize how the key variables evolve 
over time (see Appendix Figure 2 fothe Pyhton codes):
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Appendix Figure 2: Visualization of the four plots.

Price Elasticity Over Time 

•	 Insights: This plot shows a steady fluctuation in price elas-
ticity values, reflecting varying levels of demand sensitivity. 
Peaks indicate periods of increased consumer responsive-
ness to pricing interventions, ideal for implementing cost-
based controls.

Demand and Supply Over Time 

•	 Insights: These variables show cyclical trends, with demand 

occasionally exceeding supply. Such instances highlight the 
necessity for adaptive supply chain policies and contingency 
planning for periods of heightened demand. 

Compliance Over Time 

•	 Insights: Compliance rates show variability but generally 
trend above 80%. Targeted interventions, such as provider 
training programs and public education campaigns, could 
drive this closer to 100%. 

https://dx.doi.org/10.26717/BJSTR.2024.59.009360
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Policy Implications and Recommendations 

1.	 Behavioral Interventions 	

•	 Key Strategy: Leverage Vernon Smith’s experimental eco-
nomic insights to design behavioral nudges targeting health-
care providers. For example: 

•	 Implement decision-support systems that prompt optimal 
prescribing behavior. 

•	 Utilize feedback loops where providers receive monthly com-
pliance reports compared to peers. 

2.	 Economic Incentives 	

•	 Key Strategy: Use pricing strategies to discourage the over-
use of antibiotics, particularly in scenarios with high elastic-
ity. Subsidizing critical antibiotics could ensure affordability 
while maintaining stringent oversight. 

3.	 Supply Chain Improvements 

•	  Key Strategy: Develop robust supply chain frameworks to 
manage unexpected demand surges. Encourage regional col-
laboration among Nordic countries to create a shared stock-
pile of critical antibiotics. 

4.	 Public Health Campaigns 

•	 Key Strategy: Increase awareness about AMR through sus-
tained educational initiatives. 

Focus on reducing unnecessary demand and promoting adher-
ence to treatment regimens. 

Conclusion and Future Research 
This simulation-based study underscores the value of integrating 

experimental economic principles with healthcare policy design to 
combat AMR effectively [23]. By modeling the Swedish healthcare sys-
tem’s dynamics, this research highlights actionable strategies, such as 
pricing interventions, supply chain resilience, and behavioral nudges, 
that can significantly reduce AMR prevalence [24]. Future research 
directions include expanding simulations to include real-world data 
from Sweden and other Nordic countries to enhance accuracy, inves-
tigating the long-term economic impact of AMR interventions using 
multi-year projections, and exploring the role of emerging technolo-
gies, such as AI and blockchain, in improving compliance and supply 
chain management [25-29]. 

Future Research Directions

•	 Expand simulations to include real-world data from Sweden 
and other Nordic countries to enhance accuracy. 

•	 Investigate the long-term economic impact of AMR interven-
tions using multi-year projections. 

•	 Explore the role of emerging technologies, such as AI and 

blockchain, in improving compliance and supply chain man-
agement [30-40]. 
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