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Abstract 27 

Background: Logistic disease progress curves have been classically used to characterize plant 28 

disease epidemics over time. When observations are few and information is limited, joint 29 

estimation of their three parameters (all three as unknown quantities) including maximum disease 30 

potential (𝐾), apparent rate of growth (�), and initial disease level (�0) can be difficult. The 31 

standard approach in plant pathology is to fix the upper asymptote at a pre-specified value (usually 32 

1) which simplifies estimation while excluding uncertainty about maximum disease potential and 33 

potentially underestimating �. We explain a Bayesian logistic disease progress curve framework 34 

that combines biologically informed priors with disease severity observations to estimate all three 35 

parameters, while appropriately accounting for uncertainty in predictions and derived quantities 36 

(i.e., functions of model parameters). 37 

Results: We applied the model to two case studies involving wheat stripe rust (Puccinia striiformis 38 

f. sp. tritici), each with different levels of information about epidemic development. Posterior 39 

contrasts with probabilistic inference provided a comparative epidemic framework for model 40 

parameters and derived quantities. In case study 1, posterior contrasts provided strong evidence of 41 

difference in � between treatments, whereas evidence for difference in 𝐾 was weaker when 42 

observations near the asymptote were limited. For case study 2, where there was overall lower 43 

disease severity, the posterior distribution of 𝐾 closely resembled its prior, whereas posterior 44 

distributions of � and �0 shifted toward lower values. These results illustrate how the information 45 

available related to observed disease severity over time affected the relative contributions of prior 46 

information and data to parameter inference. In-sample coverage of 95% posterior predictive 47 

intervals was 96.7% and 100% for case studies 1 and 2, respectively. Coverage was 44.4% when 48 



predictions were evaluated against observations from another season, indicating limited predictive 49 

transfer. 50 

Conclusion: We propose and demonstrate a biologically informed Bayesian framework that 51 

supports characterization and probabilistic comparison of incompletely observed plant disease 52 

epidemics and calculation of derived quantities, such as area under disease progress curve, while 53 

explicitly propagating uncertainty. Biologically informed prior distributions supported joint 54 

estimation of all three parameters when observations are limited. Publicly available code facilitates 55 

application by the plant science community.  56 

Keywords: Plant disease epidemiology; Bayesian inference; Uncertainty quantification; disease 57 

progress curves 58 
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Background 75 

Nonlinear mathematical models are valuable tools for studying dynamic biological 76 

processes in plant science because of their flexibility to describe complex patterns and because of 77 

their biologically interpretable parameters [1]. Nonlinear models have been widely used in plant 78 

pathology for the study of plant disease epidemics. These include disease progress curves (DPCs), 79 

which are commonly used to study plant pathogen population dynamics and disease progression 80 

over time [2]. Several DPC models have been developed over the years with varying levels of 81 

utility and diverse applications [3]. Such models have played a pivotal role in studying the 82 

influence of management strategies on plant disease epidemic development [1, 4].  83 

DPCs have foundational biological meaning, and their parameters represent different steps 84 

of plant disease epidemic development. Logistic DPCs (LDPCs), for example, have been used to 85 

study disease epidemics, where continuous development within a crop cycle (e.g., multiple cycles 86 

of pathogen reproduction) results in a sigmoidal shaped curve [4, 5]. In this model, there are three 87 

unknown quantities (parameters), the apparent rate of growth (�), the initial disease level (�0), and 88 

the maximum disease potential (𝐾). Over the years, these parameters have been associated with 89 

the effect of different management strategies. Chemical control, for example, has been shown to 90 

affect both initial disease level and apparent rate of growth [3, 6]. 91 

Although DPC parameters can help characterize the effects of management practices on 92 

overall disease development, estimating them is challenging when datasets are small or provide 93 

limited information about the disease development trajectory. In fact, the small dataset problem 94 

has been well documented in the plant sciences [7-9]. Such problems often lead to practical 95 

identifiability issues, where it is difficult to determine the parameter value from the available data, 96 

resulting in high levels of uncertainty and correlation among parameters [10-12]. To deal with 97 



such issues, strategies such as modifying the experimental design and/or data collection, or model 98 

simplification, are available [13].  99 

However, such strategies might not always be feasible or appropriate and represent only a 100 

subset of the tools that could be used to remedy the problem. Adjusting experimental design and/or 101 

data collection inevitably involves collecting more data, which is not always possible, and does 102 

not produce an immediate solution for the available data. Model simplification can be applied to 103 

the available data, producing an immediate solution. In plant disease epidemiology, such strategies 104 

have been widely used to fit DPCs, with common practices involving linearization through 105 

transformation and fixing parameter values instead of estimating then [2, 4, 14].  106 

For LDPCs, model simplification often involves the assumption that the maximum disease 107 

potential is 100% (𝐾 = 1). Although it effectively helps with practical identifiability issues, such 108 

an assumption imposes a very strong constraint (the strongest possible) on 𝐾, and as a 109 

consequence, it can lead to underestimation of �, which is often of primary interest when 110 

comparing disease management strategies [15]. In fact, it has been shown that this assumption 111 

often does not hold across environments, and that 𝐾 is highly variable across different disease 112 

systems [16, 17]. Another important caveat is the loss of inferential capability on 𝐾, with little 113 

being known regarding how different management strategies affect this parameter. 114 

A third strategy to work with practical identifiability issues that occur when data is 115 

informationally deficient is the use of additional information and constraints imposed by prior 116 

distributions in Bayesian inference. In Bayesian inference, prior distributions are combined with 117 

observed data yielding posterior distributions that reflect both sources of information [18]. 118 

Informative priors derived from external sources of information (literature, external data, and/or 119 



expert knowledge) can constrain the parameter space to plausible regions, in other worlds, supply 120 

additional information where available data is deficient [19]. 121 

In this paper we present a Bayesian LDPC model with the goal of jointly estimating (i.e., 122 

treating all as unknown quantities) all three model parameters (�0, �, and 𝐾) for a disease dataset 123 

with different levels of information deficiency. We used data from field trials designed to study 124 

different management strategies for wheat stripe rust, in which disease severity (percentage of leaf 125 

area diseased) was evaluated over time. Additionally, we demonstrate the calculation of derived 126 

quantities (i.e., functions of model parameters) commonly used in plant pathology such as area 127 

under the disease progress curve (AUDPC) and contrasts to compare posterior distributions of 128 

parameters and derived quantities, respectively. We present Bayesian inference as a method for 129 

plant pathologists and plant scientists working with nonlinear models under limited data or 130 

incomplete observation scenarios. These methodologies are presented in associated publicly 131 

available, annotated code for use by the research community.  132 

 133 

Methods 134 

Case study experimental design 135 

Two field experiments were conducted during the 2022/2023 [Season 1] and 2023/2024 136 

[Season 2] growing seasons to test different management strategies for wheat stripe rust. Both 137 

were located in the Kansas River Valley Experimental Field located in Rossville, KS (39.0769, -138 

95.7689) and received supplemental irrigation. In both seasons, experiments were configured in a 139 

split-plot design with three replications, with fungicide as the main factor (12 levels; Table 1) and 140 

wheat cultivar the second (KS-180B, SY Monument). Fungicides differed by their active 141 

ingredient, with five different formulations, and application timings, being at Feekes growth stage 142 



7/Zadoks 36 (FGS7) and Feekes growth stage 9/Zadoks 39 (Table 1). Cultivars differed by their 143 

reaction to stripe rust, with KS-180B presenting a susceptible reaction, and SY Monument a 144 

moderately resistant reaction. 145 

 146 

Disease evaluation 147 

Wheat stripe rust incidence and severity were assessed at regular intervals following flag 148 

leaf applications through harvest. Assessments were conducted at 11-day intervals in Season 1 and 149 

7-day intervals (weekly) in Season 2. Disease incidence was recorded as the percentage of diseased 150 

plants per subplot, and disease severity was recorded as the percentage of diseased leaf area on the 151 

upper canopy of affected plants (flag leaf and flag leaf minus one, the top two leaves of the plants). 152 

 153 

Bayesian Logistic Disease Progress Curve 154 

Model specification 155 

A Bayesian Logistic Disease Progress Curve (Bayesian LDPC) model was constructed to 156 

model the progress of disease severity over time. Disease severity, measured as a percentage, was 157 

converted into proportion for model fit (� =  �	
100). The data was assumed to follow a beta 158 

distribution whose support naturally fits proportions (bounded between 0 and 1). Since this 159 

distribution does not handle zero’s and one’s, the rescaling function �∗ = [� ∗ (� − 1) + 12] /� 160 

(where N represents the sample size) was used to shrink the interval from [0, 1] (including 0 and 161 

1) to (0, 1) (between 0 and 1, excluding the boundaries) [20]. The statistical model can be written 162 

out as: 163 



���∗  ~ ����(���, ��), (1) ��� =   !1+($!−&0!&0! )∗	−)!∗*+, (2) 

�0� ~ ,-./0�1(0.001, 0.1), (3) 𝐾� ~ ����(6, 2), (4) �� ~ ,-./0�1(0, 0.5), (5) ��  ~ 7�11�(24, 2). (6) 

 164 

The model was defined for each ith fungicide treatment level, with the epidemic developing 165 

over the jth days after the application made at FGS7. Eq. 1 describes the data model, where a beta 166 

regression parameterization of the beta distribution, with expectation ��� and dispersion ��, was 167 

adopted [21]. Eq. 2 describes the process model behind the data model expectation (���), where 168 

the mathematical equation of the LDPC was adopted with three parameters, the maximum disease 169 

potential (𝐾�), the apparent rate of growth (��), and the initial disease level (�0�), all of them 170 

considered treatment specific. Eq. 3 to 6 describe the prior distributions for each model parameter. 171 

Prior distributions were specified using fundamental biological knowledge behind the LDPC 172 

parameters and information available in the literature. In the following paragraphs, we explain in 173 

detail the rationale behind each curve parameter prior. 174 

The maximum disease potential (𝐾) is a parameter representing the curve asymptote, the 175 

final state of the epidemic curve, which � approaches as time passes. In some cases, the maximum 176 

disease intensity has been considered as 100% (𝐾 = 1) for simplification [6]. However, it has been 177 

noted that severity of leaf spots and rust diseases rarely achieve such levels [22]. In fact, across 178 

different pathosystems, 𝐾 is highly variable. Examples of such variability include the modeling of 179 



incidence of tobacco viruses, where 𝐾 ranged from 0.01 to 1 [23], and the modeling of plant 180 

mortality caused by Phytophthora cinnamomi, where 𝐾 ranged from 0.52 to 1 [24]. For stripe rust, 181 

estimates of maximum disease severity have been shown to range from ~ 0.2 to ~ 0.7 [25]. We 182 

started from the idea that 𝐾 could only assume values between 0 and 1, considering it represents a 183 

maximum proportion. A natural distribution for modeling proportions, the beta distribution, was 184 

adopted as prior. Although 𝐾 could clearly assume small values (e.g., close to 0.2), based on field 185 

observations [data not shown], it more often assumes values close to 0.7 for this pathosystem. We 186 

then used this information on maximum disease severity to derive values for the beta shape 187 

parameters that would yield a beta distribution with mean of 0.75 and a variance of 0.02. Such 188 

mean and variance produce a beta prior whose 95% quantiles are 0.42 and 0.96 (Eq. 4, 189 

Supplementary Figure 1). 190 

The apparent rate of growth (�) is a parameter representing how fast the disease epidemic 191 

increases over time, from the initial state (initial disease level, �0) toward the asymptote (maximum 192 

disease potential, 𝐾). Examples of estimated � values for wheat stripe rust epidemics in literature 193 

range from ~ 0.03 to ~ 0.2 [26-28], however, such values have been obtained under the assumption 194 

of 𝐾 = 1. A natural lower bound for this parameter is 0, because a negative value would lead to 195 

disease decrease over time. When � is 0, the LDPC only propagates �0 over the time of the 196 

epidemic. For the upper bound, intuitively, 0.2 would be a natural choice, however, the assumption 197 

of 𝐾 = 1 could lead to underestimation of � [15], which lead us to assume an upper bound of 0.5, 198 

giving some freedom for higher growth rate values. For �, we opted for the uniform distribution 199 

as prior, since it constrains the parameter within the desired biologically relevant boundaries, 200 

without attributing higher densities to any specific region, that is, the prior density is constant over 201 

the interval 0 to 0.5, and values of � > 0.5 or � < 0 cannot occur (Eq. 5, Supplementary figure 1). 202 



The initial disease level (�0) is a parameter representing the initial state of the epidemic, or 203 

the disease intensity at time 0. It is the counterpart of 𝐾, and similarly, it has been often assigned 204 

a fixed value, being either the initial measure or a very small number. Considering that �0 is usually 205 

represented by very small values, close to 0, a semi-informative prior was used, in which bounds 206 

were defined to constrain the parameter value, but considerable room for variation was allowed. 207 

A uniform distribution was defined for �0, with boundaries targeting a very low initial level (0.1%, 208 

0.001), and a considerably higher initial level (10%, 0.1) of disease severity, and values �0 > 0.1 209 

and �0 < 0.001 not being possible to occur (Eq. 3, Supplementary figure 1). These priors also 210 

make the violation of �0 ≤ 𝐾 relationship unlikely, ensuring the curve will not decrease. 211 

Model implementation 212 

The model was implemented using the statistical software R with the package rjags (JAGS 213 

– Just Another Gibbs Sampler) for posterior sampling [29, 30]. The MCMC (Markov chain Monte 214 

Carlo) algorithm was conducted with 3 chains, each chain had 15000 iterations with a burn-in of 215 

5000. MCMC convergence and sampling efficiency were assessed through diagnostics such as 216 

visual inspection of trace plots, the potential scale reduction factor (<̂), and effective sample size 217 

(ESS). 218 

 219 

Statistical analysis: Model checking and Inference 220 

With the Bayesian LDPC fully specified, prior predictive checks were performed to assess 221 

whether the specified priors and observation model generated biologically plausible disease 222 

severity patterns and disease progress trajectory. These checks involved visual inspection of the 223 

prior predictive mean and 95% prior predictive interval for simulated observations (�>?�@?∗ ), 224 



together with 50 expected disease development trajectories generated from randomly selected prior 225 

parameter draws (�>?�@?). 226 

Following prior predictive checks, the model was fit to data and posterior distributions 227 

were used to characterize and compare epidemics, and quantify uncertainty in predictions and 228 

derived quantities. The analysis was organized into two case studies. For both case studies, data 229 

from Season 2 were utilized. In case study one [CS1], data from two epidemics from the treatments 230 

with Prosaro applied at FGS 7 and FGS 9, for the susceptible cultivar (KS-180B) were utilized. 231 

Observations for application at FGS 7 produced a sigmoid disease development pattern, while 232 

observations for application at FGS 9 lacked information, especially at the curve asymptote. In 233 

case study two [CS2], data from only one epidemic, the healthy check treatment for the moderately 234 

resistant cultivar (SY Monument) were utilized (Table 1; Supplementary Figure 2). CS2 was 235 

designed to demonstrate model fit when information on the curve shape was absent in addition to 236 

a limited number of observations. LDPC model parameters were jointly estimated and posterior 237 

predictive curves were obtained for both case studies. Additionally, for CS1, two derived 238 

quantities, the area under the disease progress curve (AUDPC, Table 2) and the maximum 239 

instantaneous rate of growth (�∗; Table 2), were obtained to summarize and compare the disease 240 

progress curves. �∗ represents the highest slope of the sigmoid curve before the rate of disease 241 

progress begins to decrease. Posterior distributions of parameters and derived quantities were 242 

compared through posterior contrasts (Table 2). The probability that the contrast was bigger than 243 

zero (A(� > �) = A(∆ > 0)) was obtained for probabilistic inference. A probability of 0.5 244 

(A(∆ > 0) ≅ 0.5) indicates evidence of equal posterior support in both directions, a probability 245 

greater than 0.5 (A(∆ > 0) > 0.5) is evidence of � > �, and a probability less than 0.5 246 

(A(∆ > 0) < 0.5) is evidence of � < �, with the strength of evidence increasing as probability 247 



values approach 0 or 1. Here, � and � denote quantities being compared, either parameters or 248 

functions of parameters. 249 

Posterior predictive checks were performed by assessing the calibration of the 95% 250 

posterior predictive intervals for the data used for model fitting (in-sample posterior predictive 251 

check). For CS1, predictive performance was further evaluated out-of-sample (i.e., data not used 252 

for model fit) using data from Season 1 for the same treatment and variety [31]. 253 

 254 

Results 255 

MCMC diagnostics 256 

For both case studies, trace plots showed overlapping chains fluctuating around stable 257 

levels, with no sustained upward or downward drift in parameter values across iterations 258 

(Supplementary Figure 3 and 4). The potential scale reduction factor (<̂) ranged from 1.00 to 1.03 259 

in CS1 and 1 for all parameters in CS2. Minimum effective sample sizes were 769 and 3108 for 260 

CS1 and CS2 respectively, across the monitored parameters (Supplementary table 1). Together, 261 

these diagnostics supported satisfactory chain mixing and sampling efficiency. 262 

 263 

Prior predictive checks 264 

For simulated observations (�>?�@?∗ ), a prior predicted curve was obtained for a period of 265 

55 days without conditioning on observed data (Figure 1a). The prior predicted mean severity 266 

curve (proportion) presented a short initial lag-phase, and rapid growth towards the asymptote, 267 

with growth slowing around 30 days. The obtained 95% prior predictive interval was narrower at 268 

early stages of the prior predicted curve, followed by substantial widening at later stages as days 269 

progressed from 1 to 55, reflecting the combined uncertainty from parameter priors and 270 



observational model. The 50 sampled expected disease development trajectories (�>?�@?) were 271 

consistent with biological expectation. Some trajectories were flat, representing little disease 272 

increase over the prediction period, while others quickly increased, approaching the asymptote 273 

(Figure 1b). Together, these trajectories and the simulated disease severity patterns supported the 274 

biological plausibility of the specified model and priors. 275 

 276 

Case study 1 277 

Inference on model parameters 278 

Inference on posterior distribution for model parameters was made on the maximum 279 

disease potential (𝐾) and the apparent rate of growth (�). Upon visual inspection of posterior 280 

distributions using histograms, evidence of difference on the parameter � between application 281 

timings was observed, once they have almost no overlap (Figure 2). For applications made at FGS 282 

7, the expected value of the posterior distribution (thereafter referred as posterior mean) was 0.21, 283 

with 95% credible interval (CrI) from 0.17 to 0.23. For applications made at FGS 9, the posterior 284 

mean was 0.08, with 95% CrI from 0.017 to 0.13. All posterior samples of the contrast were 285 

positive, yielding a probability of the contrast being above zero of 1 (A(∆ > 0) ≈ 1; Figure 3; 286 

Table 3), providing strong evidence that the rate of disease progress was faster for applications 287 

made at FGS 7. 288 

Evidence of difference was also observed for 𝐾, although not as strong, with posterior 289 

distributions presenting overlap (Figure 2). For applications made at FGS 7, the posterior mean 290 

was 0.89, with CrI from 0.74 to 0.98. For applications made at FGS 9, the posterior mean was 291 

0.75, with 95% CrI from 0.44 to 0.96, being broader and indicating higher uncertainty. Posterior 292 

samples of the contrast were mostly above zero (Figure 3), the probability that the contrast is above 293 



zero was of 0.81 (A(∆ > 0) = 0.81), providing evidence that 𝐾 for applications made at FGS 7 294 

was greater than 𝐾 for applications made at FGS 9 besides considerable uncertainty (Table 3). 295 

Posterior predicted curves 296 

Posterior predicted curve and 95% posterior predictive interval (PPI) were obtained for 297 

both application timings. Predictions were made over 55 days. The posterior predicted curve for 298 

the application made at FGS 7 quickly increased and approached the plateau (stationary phase) 299 

within this time period, while the curve for the application made at FGS 9 starts its exponential-300 

phase at the end of the time period. The curve for FGS 9 has higher uncertainty, particularly beyond 301 

the observation period, which, in part, reflects the uncertainty propagation from 𝐾. Although 95% 302 

PPI overlap was observed initially, the curves begin to diverge after 20 days, when overlap 303 

decreases (Figure 4).  304 

For the in-sample posterior predictive check, the 95% PPI contained 96.7% of the observed 305 

disease severity overall, with coverage of 100% and 93.3% for FGS 7 and FGS 9 respectively. For 306 

out-of-sample posterior predictive check using observations from Season 1, the 95% PPI contained 307 

44.4% of the observations overall, with coverage of 22.2% and 66.7% for FGS 7 and FGS 9 308 

respectively. Coverage was substantially below the nominal 95% level in a different season, 309 

particularly for FGS 7, indicating limited predictive transfer capability across seasons. 310 

Derived quantities 311 

The posterior distributions for AUDPC were calculated for each posterior draw of the mean 312 

disease progress curve from day 1 to day 55, using the equation in Table 2. For applications made 313 

at FGS  7, the posterior mean of the AUDPC was 21.72, with 95% CrI from 18.83 to 24.09. For 314 

applications made at FGS 9, the AUDPC posterior mean was 5.21, with 95% CrI from 2.08 to 315 

9.40. Posterior AUDPC distributions had no overlap (Figure 5), reinforced by a probability that 316 



the contrast was above zero of 1 (A(∆ > 0) ≈ 1; Table 3), providing strong evidence that the 317 

posterior AUDPC for FGS 7 was greater than the posterior AUDPC for FGS 9. 318 

The posterior distributions for �∗ were calculated for each posterior draw from 𝐾 and � for 319 

each treatment. Applications made at FGS 7 had a posterior mean of 0.04, with 95% CrI from 0.04 320 

to 0.05. For applications made at FGS 9, the posterior mean was 0.01, with 95% CrI from 0.003 321 

to 0.03. Little overlap was observed between posterior distributions (Figure 6) for the two different 322 

application timings, with a probability that the contrast was above zero of 0.99 (A(∆ > 0) = 0.99; 323 

Table 3). This was strong evidence that at the point of maximum rate of disease progress, the curve 324 

for applications made at FGS 7 was faster than the curve for applications made at FGS 9, agreeing 325 

with patterns observed in the posterior predicted curves (Figure 4). 326 

 327 

Case study 2 328 

Inference on model parameters 329 

The disease severity data for CS2 remained near zero throughout the observation period, 330 

providing limited information about disease development (Supplementary Figure 1). This data was 331 

generated from treatment involving a moderately resistant cultivar and frequent fungicide 332 

application (Healthy check; Table 1). In such a scenario, little information regarding 𝐾 was 333 

available in the observed data, which in turn lead to a posterior sample from this parameter 334 

essentially driven by the prior (Figure 7; Supplementary figure 1). In fact, 𝐾 remained mostly 335 

unchanged, while � and �0 shifted toward smaller values and became more concentrated compared 336 

to their priors (Table 4). The posterior mean of 𝐾 was 0.75, with 95% CrI from 0.42 to 0.96, the 337 

same as the specified prior. Most of the information in the observed data was related to �0, as the 338 

disease severity remained low over time for this treatment. The posterior mean of �0 was 0.013, 339 



with 95% CrI from 0.004 to 0.026, with small uncertainty (Figure 7). In this case study, the 340 

posterior distribution of � concentrated near zero, consistent with limited disease progression 341 

during the observation period. The posterior mean of � was 0.016, with 95% CrI from 0.0005 to 342 

0.0509. The posterior distribution of �  was broad, with a skew toward higher rates of disease 343 

progress (right-skewed; Figure 7). 344 

Posterior predicted curve 345 

Posterior predicted curve was obtained for a time period of 55 days. The wide 95% PPI 346 

represents high predictive uncertainty, that increases near the end of the time period (Figure 8). At 347 

day 1, the posterior predicted mean severity (proportion) was 0.0138, with 95% PPI from 10-14 to 348 

0.1098. At day 55, the posterior predicted mean severity (proportion) was 0.0333, with 95% PPI 349 

from 2x10-7 to 0.1867. The posterior predicted mean increased 0.0195 in this time interval, while 350 

the 95% PPI widened from 0.1098 at day 1 to 0.1867 at day 55. For in-sample posterior predictive 351 

check, the 95% PPI contained 100% of the observed disease severity for the healthy check 352 

treatment. 353 

 354 

Discussion 355 

This paper demonstrates the use of Bayesian inference to characterize plant disease 356 

epidemics when observed data provide limited information about epidemic progress. We jointly 357 

estimated all three parameters (𝐾, �, and �0) from a logistic disease progress curve (LDPC) by 358 

combining prior information and observed data, while also propagating uncertainty to predictions 359 

and derived quantities. We used two case studies as examples with different levels of information 360 

available about epidemic development. In CS1, we demonstrated the method for data with two 361 

treatments, were one had limited information around the curve asymptote (FGS 9). In CS2, a more 362 



drastic scenario, we demonstrated the method for data with low disease severity, with little 363 

observed progression as a result of the applied treatment. In both case studies, posteriors are a 364 

result of the combination of prior and observed information, however, the relative contribution of 365 

these sources of information to parameter posteriors differed across cases. This difference became 366 

clear when comparing posterior distributions of 𝐾 obtained in CS1 and CS2, where for the latter, 367 

prior and posterior distributions of this parameter were similar.  368 

These findings highlight how disease development observed under different management 369 

strategies affect the information available for individual LDPC parameters, especially for time-370 

limited epidemics, where 𝐾 seems to be the most influenced parameter. Jointly estimating 𝐾, �, 371 

and �0 makes uncertainty about the asymptote explicit and propagates it to predictions and derived 372 

quantities, including when inference on 𝐾 relies predominantly on prior information. We adopted 373 

the LDPC model, which conceptually matches the current understanding of the biological process 374 

influencing the development of stripe rust within a wheat field [4, 5]. It should be noted that 375 

biological knowledge regarding the pathosystem was the driver of model selection and 376 

specification. Distributional assumptions for both prior and likelihood considered the nature of the 377 

data being collected and pre-existing knowledge regarding the pathosystem. The selection of the 378 

mathematical model considered the pathogen biology rather than the pattern observed in the 379 

collected data [32]. 380 

For CS1, observations were collected from the susceptible cultivar, with treatments 381 

consisting of two different application timings (FGS 7 and FGS 9) of the same fungicide product. 382 

In this case study, application timing affected both 𝐾 and �, but with different intensities. For �, 383 

there was strong evidence that the epidemic for applications made at FGS 7 progressed much faster 384 

than the epidemic when applications were made at FGS 9. These results are consistent with 385 



findings that chemical control reduces the rate of disease progress [3, 4, 6]. In this specific 386 

pathosystem, applications at FGS 9 are often recommended to manage the disease [33, 34]. For 𝐾, 387 

there was evidence that applications made at FGS 7 allowed for a greater maximum disease 388 

potential than FGS 9, likely due to the loss of residual efficacy of the fungicide product applied at 389 

the earlier growth stage [35]. Although inference on this parameter is not widely studied, it has 390 

been shown that chemical treatments often lead to a smaller 𝐾 [36, 37], and that 𝐾  can also be 391 

affected by the cultivar reaction to disease [24]. Broader posterior distributions of � and 𝐾 for FGS 392 

9, were consistent with the limited information available about disease development, particularly 393 

for the upper asymptote (𝐾). Parameter uncertainty propagated into the derived quantities and 394 

posterior predictions for this treatment (broader posteriors/intervals). For posterior predictions, 395 

although informative priors can constrain parameter uncertainty, posterior predictive intervals also 396 

incorporate observation-level variability, contributing to wider PPI [38]. 397 

For CS2, observations were collected from the moderately resistant cultivar, and treatments 398 

consisted of several fungicide applications to maintain low disease severity. These data were 399 

chosen to show the effect of very limited information about 𝐾, consistent with practical non-400 

identifiability [10-12, 15, 39], on the joint estimation of the LDPC parameters using Bayesian 401 

inference. While the posterior distributions for �0 and � were influenced by the information from 402 

the observations, shifting from their priors, the posterior distribution of 𝐾 closely resembled its 403 

prior, indicating that the observed disease trajectory contributed little additional information. 404 

Bayesian inference enabled joint parameter estimation by incorporating biological knowledge 405 

through the prior distributions, however, inference on 𝐾 remained predominantly dependent on 406 

that information. Obtaining a posterior distribution, therefore, did not imply that 𝐾 had been 407 

identified from the observed data [19]. This result highlights the importance of biologically 408 



justified priors and of assessing the sensitivity of inference to their specification, particularly for 409 

parameters weakly informed by the observed data. 410 

Prior distributions for this study were built on a combination of information gathered from 411 

the literature as well as from field observations from studies not included in this analysis. When 412 

specifying priors, the most important consideration is that they should not contain the same 413 

information as the likelihood (i.e., the data) [40, 41]. Specifying prior distributions makes 414 

parameter estimation less sensitive to the information in the data, which may be limited [40]. For 415 𝐾, �, and, �0 we started with a probability distribution based on the intrinsic properties of the data 416 

(i.e., proportions, bounded between 0 and 1), and complemented this with additional information 417 

based on available field trial data on wheat stripe rust. There is abundant information about LDPC 418 

models available in literature across many pathosystems, which can be used to specify weekly 419 

informative priors [2-6, 14-17]. For 𝐾, fixing the parameter at 1 (a very common practice in plant 420 

pathology) would not allow information from the collected data to contribute to estimation. Even 421 

a weakly informative prior such as uniform(0, 1), would provide valuable additional information 422 

by constraining the parameter space (i.e., values the parameter can assume) into a biologically 423 

realistic range. In this study, we demonstrated that the estimation of 𝐾 is advantageous for a 424 

researcher using the LDPC model. Estimation of K allowed inference about this parameter and 425 

reduced the risk of underestimating �, as would happen by assuming 𝐾 = 1 in most cases [15], as 426 

CS1 and CS2, for example. Additionally, by estimating this parameter, uncertainty was properly 427 

accounted for and propagated into derived quantities and posterior predictions.  428 

Bayesian models allow the implications of specified priors and model assumptions to be 429 

examined through prior predictive checks [42]. These checks involve simulating observations from 430 

the specified model before conditioning on observed data and assessing whether the simulated 431 



patterns are biologically plausible [31]. In some cases, prior predictive distributions can also be 432 

used for forecasting when local data is unavailable and relevant information is available from other 433 

sources [43]. In the present study, simulated disease severity and expected disease development 434 

trajectories ranged from slow disease increase to rapid epidemic development, consistent with our 435 

biological expectations. These checks supported the biological plausibility of the specified model 436 

and priors. Prior predictive checking therefore provides an opportunity to identify implausible 437 

model implications before fitting the model to new observations [31].  438 

Additionally, we also conducted posterior predictive model checks by testing the 439 

calibration of the 95% PPI. Results for this check must be carefully considered based on the 440 

number of observations available. Treatments in Season 2 had 15 total observations, while in 441 

Season 1 there were 9, with 3 replications (blocks) at each sampling date, which means that within 442 

each season, an observation carries 6.7% and 11.1% of the total, respectively. For out-of-sample 443 

validation, for example, one observation not covered by the 95% PPI, would result in a coverage 444 

of 88.9% in the calibration check. For CS1, where out-of-sample calibration was conducted, a very 445 

poor transfer capability was identified. However, the effect of season was never accounted for 446 

within the model, which might explain such results. This example demonstrates that although our 447 

prior distributions are general assumptions for our pathosystem, the posterior distributions are a 448 

result of both prior and data (likelihood) information, and therefore, will not generalize for all 449 

scenarios, if they are not accounted for in the model. For generalization, a Bayesian model per se 450 

has the advantage of using prior information for estimation, but still requires proper model 451 

specification, even if broad general priors were specified. 452 

Derived quantities were calculated as a demonstration of possible ways to summarize and 453 

compare disease progress curves. We chose to calculate the absolute/raw area under disease 454 



progress curve (AUDPC), because it is one of the most widely used derived quantities in plant 455 

pathology, with straightforward computing implementation [3, 44, 45]. Other options of derived 456 

quantities such as 𝐾∗ and �∗ have also been used to summarize and compare different disease 457 

progress curves [37]. These two derived quantities have similar units as the parameters involved 458 

in their calculation, and their dimension is not dependent on the duration of the epidemic (i.e., 459 

period of observation), which makes comparison across studies straightforward. In a Bayesian 460 

model, the derived quantity is calculated for each draw of the posterior distribution of parameters 461 

involved in its calculation, resulting in a posterior distribution of its own, and ensuring that 462 

uncertainty is properly propagated. In CS1, for example, the AUDPC was calculated based on the 463 

analytical solution of the integration (Table 2), using the posterior distributions of 𝐾, �, and �0, 464 

therefore, propagating the uncertainty from � into the AUDPC posterior distributions. 465 

In both case studies, block effects were omitted to simplify the analysis. However, an 466 

example model incorporating block effects is provided in the supplementary material and 467 

accompanying analysis script. Season effects were also not modeled. Yield responses to foliar 468 

fungicides in winter wheat have also been shown to depend on genotype and environment [46]. 469 

The model can be extended to incorporate blocks and/or season through the predictor or individual 470 

curve parameters, with fixed or random effects specified according to how variation among groups 471 

is modeled [47]. Prior distributions in this study were specified using information from published 472 

studies and field trials. Expert knowledge provides an additional source of information for prior 473 

specification and can be incorporated (obtained and used for prior specification) through structured 474 

elicitation [48]. Similarly to what was done in this study, these priors informed by expert 475 

knowledge can then be combined with observed data through Bayesian updating to obtain posterior 476 

distributions [49, 50]. 477 



Conclusion 478 

This study demonstrates a Bayesian LDPC framework for analyzing plant disease 479 

epidemics with a limited number of disease observations over time and limited information in the 480 

observations. By combining biological information (through prior distributions) with disease 481 

severity observations over time, the framework enables joint estimation of 𝐾, �, and �0, and 482 

propagates parameter uncertainty (provided by our prior beliefs) into predictions and derived 483 

quantities. In CS1, posterior contrasts were utilized as a demonstration to compare posterior 484 

distributions for model parameters and derived quantities, and probabilistic inference was used to 485 

support conclusions of difference between treatments. In CS2, the posterior distribution of 𝐾 486 

closely resembled its prior, illustrating the dependence of inference on prior knowledge when 487 

observations provide little information about a parameter, and reinforcing the importance of a 488 

thoughtful prior specification. In this case, obtaining posterior estimates did not imply that all 489 

parameters had been identified from the observed data. Posterior predictions also incorporated 490 

observation-level variability, and therefore, prior uncertainty is just a partial contributor to 491 

predictive uncertainty. Limited predictive transfer across seasons highlighted the importance of 492 

model specification and predictive evaluation. This framework demonstrates how Bayesian 493 

inference can be harnessed as an additional tool for characterizing and comparing plant disease 494 

epidemics.  495 
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Table 1 – Fungicide treatments used in the field experiments for both cultivars. 686 

Treatment/Product 
Application 

timing 
Active Ingredient(s) 

Application 

rate (fl. oz) 

Mode of 

Action 

Untreated - - - - 

Healthy check 

(Nexicor, Prosaro, 

Headline) 

FGSb 7 fba 

FGS 9 fb 

FGS 10.5.1 

Refer to individual 

product rows 

13 fb 6.5 fb 

6 

Refer to 

individual 

product rows 

Headline 
FGS 7 

Pyraclostrobin 23.6% 9 
FRACc 11 

(QoI) FGS 9 

Prosaro 

FGS 7 Prothioconazole 

19%, Tebuconazole 

19% 

8.2 FRAC 3 (DMI) 
FGS 9 

Topguard 
FGS7 

Flutriafol 11.8% 14 FRAC 3 (DMI) 
FGS9 

Tebustar 
FGS7 

Tebuconazole 38.7% 4 FRAC 3 (DMI) 
FGS9 

Nexicor 

FGS7 Fluxapyroxad 2.81%, 

Pyraclostrobin 

18.76%, 

Propiconazole 

11.73% 

13 

FRAC 7 

(SDHI), 

FRAC 11, 

FRAC 3 

FGS9 

afb = Followed by; 687 
bFGS = Feekes Growth Stage; 688 
cFRAC = Fungicide Resistance Action Committee. 689 
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Table 2 – Derived quantities for summarizing and comparing logistic disease progress curves. 702 

Derived 

quantitya Equation Units Description 

AUDPC 

∫ 𝐾1 + (𝐾 − �0�0 ) �−?KKLK1 N� = 

 𝐾� [log(�?KL + S) − log(�?K1 + S)] 
S =  (𝐾 − �0�0 ) 

�U – Last point in time �1 – First point in time 

Or 

∑ �� + ��+12U−1
�=1 ∗ (��+1 − ��) 

Proportion*time 

unit 

Absolute (raw) 

area under the 

disease progress 

curve 

[4, 6] 

sAUDPC 
SXYAZ�U − �1  Proportion 

Standardized 

AUDPC by the 

length of the 

epidemic  

[13] 

AUDPSb SXYAZ + (�1 + �U2 ) ∗ (�U − �1- − 1 ) Proportion*time 

Area under the 

disease progress 

stairs 

Attribute proper 

weight to end 

points of the curve 

[51] 

sAUDPS 
SXYA[ ∗ (- − 1)�U − �1  Proportion 

Standardized 

AUDPS by the 

length of the 

epidemic 

[51] 



\∗ 
𝐾�4  

Proportion/time 

unit 

Maximum 

instantaneous rate 

of growth 

(First derivative of 

the LDPC, at the 

inflection point 

(� =  𝐾∗)) 

]∗ 
𝐾2  Proportion 

Disease severity at 

the inflection point, 

where the 

instantaneous rate 

of growth is 

maximal 

(Second derivative 

of the LDPC = 0) 

^_ 
1� log (�(𝐾 − �0)�0(𝐾 − �)) 

Time unit 

(e.g., Day) 

Time at which 

epidemic reaches y 

(Rearrangement of 

the LDPC) 

∆ 1̀ − `2 

Same unit as ` 

(e.g., Proportion 

for 𝐾) 

Difference between 

posterior 

distribution draws 

of a parameter (`) 
aDerived quantities should be calculated for each posterior draw of the quantities involved on the equation; 703 
bWhere n represents the number of assessment times used to calculate the AUDPC. 704 
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Table 3 – Posterior contrasts between applications made at FGS 7 and FGS 9 in CS1. 715 

Contrasta Posterior mean 
95% Credible Interval a(∆ > b) 

Lower bound Upper bound ∆ =  ]c − ]d 0.13 -0.12 0.47 0.81 ∆ =  \c − \d 0.12 0.06 0.19 1 ∆ =  efgahc − efgahd 16.51 11.50 20.64 1 ∆ =  \∗c − \∗d 0.03 0.01 0.04 0.99 

aAll contrasts were made in the format FGS 7 – FGS 9; 716 
bA(∆ > 0) = 1 indicates all posterior draws from the contrast were positive; A(∆ > 0) = 0.5 indicates posterior 717 

support of both groups is the same. 718 
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Table 4 – Prior and posterior summaries of model parameters in CS2. 739 

Parameter 

Prior distribution Posterior distribution 

Prior 

mean 

95% Prior Interval 
Posterior 

mean 

95% Credible Interval 

Lower 

bound 

Upper 

bound 

Lower 

bound 

Upper 

bound ] 0.75 0.42 0.96 0.75 0.42 0.96 \ 0.25 0.01 0.49 0.016 5x10-4 0.05 _b 0.05 0.003 0.097 0.013 0.004 0.026 

 740 

 741 

 742 

 743 

 744 

 745 

 746 

 747 
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 749 



 750 

Figure 1 – a. Prior predictive mean disease severity in proportion (black line) and 95% prior 751 

predictive interval (gray ribbon) from simulated disease severity (�>?�@?∗ ). b. Fifty expected 752 

disease development trajectories calculated from randomly selected prior draws of �>?�@? 753 

illustrating variation in these trajectories implied by the priors. 754 



 755 

Figure 2 – Posterior distributions for the three logistic disease progress curve parameters 𝐾 756 

(upper), � (mid), and �0 (lower) for the model fit to CS1 data. In the y-axis, density is denoted by 757 

“[]”.  758 

 759 



 760 

Figure 3 – Posterior contrasts for 𝐾 (upper) and � (lower) for the applications made at FGS 7 761 

and at FGS 9. Dashed red line indicates zero to guide visualization of positive posterior draws. In 762 

the y-axis, density is denoted by “[]”. 763 



 764 

Figure 4 – Posterior predicted curves over a 55 days period with 95% PPI for both timings of 765 

application (FGS 7 – orange, and FGS 9 – purple). Central line represents mean posterior curve, 766 

and ribbon represents 95% PPI with external lines demarking its edges (upper and lower). Points 767 

represent disease severity observations (�∗), with round shape representing FGS 7 and triangular 768 

shape representing FGS 9. 769 

 770 



  771 

Figure 5 – Posterior distributions for the derived quantity AUDPC for both timings of 772 

application (FGS 7 – orange, and FGS 9 – purple). In the y-axis, density is denoted by “[]”. 773 

 774 



 775 

Figure 6 – Posterior distributions for the derived quantity �∗ for both timings of application (FGS 776 

7 – orange, and FGS 9 – purple). In the y-axis, density is denoted by “[]”. 777 

 778 



 779 

Figure 7 – Posterior distributions for the three logistic disease progress curve parameters 𝐾 780 

(upper), � (mid), and �0 (lower) for the model fit to CS2 data. In the y-axis, density is denoted by 781 

“[]”.  782 

 783 



 784 

Figure 8 – Posterior predicted curve over a 55 days period with 95% PPI for the healthy check in 785 

CS2. Central blue line represents mean posterior curve, and ribbon represents 95% PPI with 786 

external lines demarking its edges (upper and lower). Points represent disease severity 787 

observations (�∗). 788 

 789 
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