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Abstract
Antibiotic	 resistance	 is	 a	 major	 global	 target	 for	 interdisciplinary	 research.	
While	often	treated	as	a	purely	biological	problem,	it	can	also	be	understood	
through	 an	 evolutionary	 game	 theory	 lens,	 where	 bacterial	 cells	 utilize	
different	 strategies.	 Our	 project	 aims	 to	 model	 antibiotic	 resistance	 as	 a	
public	goods	game	in	which	resistant	bacteria	pay	a	metabolic	cost	to	produce	
protective	mechanisms,	such	as	antibiotic-degrading	enzymes,	while	sensitive	
bacteria	 avoid	 this	 cost	 and	 free-ride	on	 the	protection	 created	by	 resistant	
cells.	 We	 employ	 replicator	 dynamics	 to	 track	 the	 fraction	 of	 surviving	
resistant	 cells	 under	 both	 constant	 and	 fluctuating	 antibiotic	 pressure.	 A	
detoxification	 function	 captures	 how	 protection	 grows	 with	 the	 number	 of	
resistant	 cells,	 until	 drug	 pressure	 crosses	 a	 critical	 tipping	 point,	 below	
which	sensitivity	 is	 the	evolutionarily	stable	strategy	(ESS)	and	above	which	
resistance	dominates.	By	 incorporating	 fluctuating	drug	pressure,	 the	model	
offers	a	novel	and	potentially	more	reflective	mathematical	understanding	of	
real	 medical	 conditions	 and	 demonstrates	 how	 dosing	 patterns,	 including	
periodic	and	randomly	missed	doses,	can	shift	population	outcomes	without	
exceeding	the	tipping	point	threshold.
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Discussion
Our	 model	 shows	 that	 antibiotic	 resistance	 can	 behave	 like	 a	 frequency-
dependent	public	goods	game.	Resistant	bacteria	pay	a	metabolic	cost	to	detoxify	
the	 environment,	 while	 sensitive	 bacteria	 can	 free-ride	 off	 that	 protection	
without	 paying	 the	 cost.	 In	 the	well-mixed	model,	 coexistence	 appears	 after	 a	
critical	antibiotic	threshold,	where	neither	strain	fully	dominates.	However,	the	
spatial	 simulation	 shows	 that	 real	 outcomes	 can	 shift	 away	 from	 the	 clean	
theoretical	 prediction.	 Resistant	 cells	 can	 form	 protected	 clusters,	 which	
increases	local	detoxification	and	allows	resistance	to	spread	more	strongly.	This	
means	that	antibiotic	outcomes	depend	not	only	on	dosage,	but	also	on	spatial	
dynamics,	 timing,	 and	 local	 interactions	 between	 resistant	 and	 sensitive	
bacteria.	 Overall,	 weak	 antibiotic	 pressure	 favors	 sensitive	 bacteria	 because	
resistance	 is	 too	 costly.	 Intermediate	 pressure	 can	 support	 coexistence,	 while	
stronger	or	repeated	exposure	may	push	the	system	toward	resistant	dominance.
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Applications and limitations
This	 model	 could	 inform	 our	 understanding	 of	 constant,	 pulsed,	 and	 randomized	
antibiotic	 dosing	 strategies.	 Our	 research	 extends	 beyond	 the	 question	 of	 dose	
concentration	to	consider	dosing	patterns	and	how	long-term	incentives	change	as	a	
result.	 In	 the	 future,	we	hope	 to	 identify	 intermediate	dosing	 regimes	 that	 suppress	
bacterial	 growth	without	 strongly	 selecting	 for	 resistant	 dominance.	 To	 further	 and	
amplify	 the	mathematical	model	 outlined	 here,	 a	 laboratory	 component	 is	 needed.	
Under	 controlled	 antibiotic	 schedules,	 bacterial	 populations	 could	 be	 grown	 and	
quantified	and	 finally	 compared	 to	our	model.	 In	vitro	experiments,	 in	vivo	 studies,	
and,	eventually,	drug-response	or	treatment	studies	would	follow	in	a	quest	to	employ	
smarter,	optimized	dosing	protocols	in	medicine.	With	such	experimental,	time-series	
data,	parameters	such	as	resistance	cost,	detoxification	strength,	and	drug	sensitivity	
could	be	estimated	more	accurately.	This	model	is	theoretical	and	simplifies	bacterial	
behavior	into	two	strategies:	resistant	and	sensitive.	In	reality,	resistance	mechanisms,	
enzyme	 production,	 diffusion,	 mutation,	 and	 bacterial	 growth	 are	 complex.	 The	
spatial	simulation	depends	on	random	birth,	death,	clustering,	and	initial	conditions,	
so	results	vary	between	trials.	Finally,	this	model	does	not	reflect	an	individual’s	entire	
cellular	ecosystem	nor	the	secondary	effects	of	prolonged	antibiotic	exposure.
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Figure 1: Detoxification function σ(x) = x / (x + k)
σ(x) gives the fraction of the environment detoxified by resistant 
cells. Lower k produces faster saturation, meaning sensitive cells 
receive substantial protection even when resistant cells are rare, 
the core free-rider dynamic. The simulation value k = 0.20 gives 
σ(0.5) = 0.71, well above the proportional expectation of 0.50.

Figure 2: Fitness difference gR − gS over the (d, x) plane
Red cells indicate regions where resistance is favored; blue where 
sensitivity is favored. The bold contour marks the neutrality 
boundary gR = gS, which curves upward with d due to frequency-
dependent detoxification. The dashed line marks the tipping point 
d* = 0.29; the filled circle marks the simulation's starting condition 
(d = 0.29, x₀ = 0.10), just below the boundary and correctly 
predicting convergence to sensitivity.

Figure 3: ESS bifurcation under constant antibiotic 
pressure

• The curve shows the ESS as a function of constant 
antibiotic pressure d, run for 1000 generations with initial 
resistant fraction x₀ = 0.60. 

• Below the tipping point d* = 0.29, the cost of resistance 
outweighs its detoxification benefit and the population 
converges to full sensitivity (x → 0). Above it, antibiotic 
pressure is strong enough that resistant cells have a net 
fitness advantage and resistance dominates (x → 1). 

• The sigmoid shape near d reflects gradual convergence at 
1000 generations, populations close to the threshold have 
not yet fully committed to either ESS. 

• The transition is sharper than the mean-field replicator 
equation predicts: local clustering of resistant cells 
creates detoxification pockets that amplify frequency-
dependent selection, collapsing the theoretical bistable 
region into a single clean threshold. 

• Parameters: c = 0.10, Δ = 0.05, k = 0.20, α = 0.04, r = 1.0

Spatial	dynamics	of	the	bacterial	population

Figure 4-6: Spatial evolution of cooperator-defector dynamics under antibiotic pressure
Blue = sensitive, orange = resistant, black = empty. Grid is 70×70; snapshots taken at t = 0, 500, and 1000 generations. At t = 0, resistant cells 
make up 10% of the population, distributed randomly. By t = 500, resistant clusters have formed and begun expanding. By t = 1000, resistance 
has reached near-fixation. The clustering pattern is key: resistant cells create local detoxification pockets that accelerate their own spread, 
driving the population to the resistant ESS faster than mean-field dynamics predict. Parameters: c = 0.10, Δ = 0.05, k = 0.20, α = 0.04, r = 1.0.


