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ABSTRACT Understanding the dose-response relationship between ingested patho-
genic bacteria and infection probability is a key factor for appropriate risk assess-
ment of foodborne pathogens. The objectives of this study were to develop and val-
idate a novel mechanistic dose-response model for Campylobacter jejuni and
simulate the underlying mechanism of foodborne illness during digestion. Bacterial
behavior in the human gastrointestinal environment, including survival at low pH in
the gastric environment after meals, transition to intestines, and invasion to intesti-
nal tissues, was described using a Bayesian statistical model based on the reported
experimental results of each process while considering physical food types (liquid
versus solid) and host age (young adult versus elderly). Combining the models in
each process, the relationship between pathogen intake and the infection probabil-
ity of C. jejuni was estimated and compared with reported epidemiological dose-
response relationships. Taking food types and host age into account, the prediction
range of the infection probability of C. jejuni successfully covered the reported dose-
response relationships from actual C. jejuni outbreaks. According to sensitivity analy-
sis of predicted infection probabilities, the host age factor and the food type factor
have relatively higher relevance than other factors. Thus, the developed “key events
dose-response framework” can derive novel information for quantitative microbiolog-
ical risk assessment in addition to dose-response relationship. The framework is
potentially applicable to other pathogens to quantify the dose-response relationship
from experimental data obtained from digestion.

IMPORTANCE Based on the mechanistic approach called the key events dose-response
framework (KEDRF), an alternative to previous nonmechanistic approaches, the dose-
response models for infection probability of C. jejuni were developed considering with
age of people who ingest pathogen and food type. The developed predictive frame-
work illustrates highly accurate prediction of dose (minimum difference 0.21 log CFU)
for a certain infection probability compared with the previously reported dose-response
relationship. In addition, the developed prediction procedure revealed that the dose-
response relationship strongly depends on food type as well as host age. The imple-
mentation of the key events dose-response framework will mechanistically and logically
reveal the dose-response relationship and provide useful information with quantitative
microbiological risk assessment of C. jejuni on foods.

KEYWORDS Bayesian predictive model, foodborne pathogen, infection mechanism,
quantitative microbial risk assessment

Dose-response models for foodborne pathogens play an important role for assess-
ment and managing risk of food poisoning or foodborne infections. Food safety

management systems are developed to systematically prevent outbreaks of foodborne
illness. A quantitative approach to food safety control can be realized by development
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and implementation of quantitative microbial risk assessments (QMRA) for food prod-
ucts in existing safety management systems (1). While the exposure assessment of the
QMRA helps predict the bacterial response during processing and distribution of foods,
dose-response models play a key role in risk characterization, which estimates the
probability of illness or infection from pathogen intake counts derived from the expo-
sure assessment. Three main approaches for developing dose-response relationships
of foodborne pathogens are available: (i) testing with human volunteers, (ii) animal
tests, and (iii) epidemiological estimation from outbreak data. Although each approach
has strengths and limitations, all three approaches have substantial uncertainty owing
to the inherent variability in the pathogen, host, and food vehicle (2, 3). In addition, it
is generally difficult to collect data at a low pathogen concentration to which a person
is exposed, and it is difficult to collect relevant data during the response (3).

An alternative approach has been suggested for establishing dose-response models; the
key events dose-response framework (KEDRF) (2). KEDRF is an approach based on important
infection mechanisms causing foodborne illness, called key events, and available data from
digestive systems to gain insight into dose-response relationships. As the method for esti-
mating the dose-response relationship is based on infection mechanisms, KEDRF is expected
to have several advantages, such as the potential of responding to low-dose infection and
consideration of host health, sex, pathogen strain, and variability.

Few studies have focused on developing dose-response models based on infection
mechanisms or key event models describing pathogen response in humans. Koseki et al.
(4) and Koyama et al. (5) developed key event models that dynamically describe the death
of some pathogens in simulated gastric fluid mimicking stomach digestion. Pujol et al. (6)
described immune capacities until the occurrence of infection. Pathogens, such as Listeria,
Salmonella, and Campylobacter, adhere to and invade intestinal epithelial cells and cause
disease (7). Caco-2 cells are commonly used to observe the adhesion and invasion of
pathogens to intestinal epithelial cells in vitro. We recently developed a model describing
the invasion kinetics of pathogens in human intestinal cells (8). Although one study has
previously estimated the dose-response relationship of Listeria through mathematical
modeling of bacterial colonization in the human intestine after reductions in the human
stomach (9), this mechanistic dose-response model does not consider cell invasion by the
pathogen in terms of infection and that pathogen colonization in the intestines does not
always cause infection. The final dose-response relationship model needs to describe illness
and competitions with the immune system after the invasion of tissues by pathogens and
the onset of illness. In these respects, KEDRF is still a developing concept. It will be desirable
to develop a more sophisticated key events dose-response model to further elucidate the
reality of foodborne illness.

The concept of bioaccessibility and bioactivity, which are aspects of nutrition absorption,
can be applied to KEDRF to develop a more sophisticated mechanistic dose-response model.
The term “bioaccessibility,” along with “bioavailability,” is a key concept to ascertain nutritional
efficiency of food and food formulas developed to improve human health in terms of
pharmacokinetics and nutrition (10). “Bioaccessibility” is defined as the number of chemi-
cals or nutrients that are released from the gastrointestinal tract tissue and are made avail-
able through blood vessels via absorption. It is evaluated using in vitro digestion models,
generally simulating gastric or small intestinal digestion, as revealed through a Caco-2 cell
uptake test (11). While bioaccessibility and bioactivity are specific effects upon exposure to
a substance, when these two concepts are considered for a pathogen, bioaccessibility rep-
resents infection and bioactivity represents the illness or symptoms. Infectious foodborne
pathogens invade the tissues through the stomach and intestines, causing inflammation
in the gastrointestinal tract, or travel to the affected area, such as blood or lymph, and
cause symptoms. Pathogens also trigger physiological reactions through the same path-
ways as nutrients and chemicals (although there is also an interaction between pathogen
and human bodies, we assume to simplify the pathogen’s invasion route into human
bodies). As mentioned in the above paragraphs, conventional dose-response models for
foodborne pathogens have not taken into account the infection mechanism in the human
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body. On the other hand, in nutrition and pharmacokinetics, the movement of nutrients
and medications in the body has been considered for predicting effects. It would also be
necessary to consider the infection mechanism in the human body for estimating more
details of the dose-response relationship of foodborne pathogens. At present, it is difficult
to experimentally replicate and model the competition between pathogens and immune
cells, but the pathways for invading intestinal tissues have been reproduced in vitro. The
definition of infection is based on bioaccessibility, including invasion into the body or
retention in the intestinal tract. On the other hand, the definition of illness or virulence
indicates the adverse effects in the human body corresponding to bioactivity. Although
the two terms have different definitions, the infection probability should be higher than
the illness probability if the infection probability is not equal to 1.0. In this manner, assess-
ing the bioaccessibility and bioactivity of pathogens would be essential to assume a dose-
response relationship based on the KEDRF concept.

This study aimed to develop an alternative dose-response model for Campylobacter
jejuni, which is known as one of the most concerning pathogenic bacteria, based on
the constructed KEDRF (Fig. 1) in which food type and age of people taking in pathogens

FIG 1 Directed acyclic graph of the model parameters and factors. Solid arrows indicate distributions,
dashed arrows deterministic functions. The abbreviations and details of components are summarized
in Table 1.
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can be considered. We estimated the invasion probability, defined as the probability of
infection, accounting for food type in the gastric retention time and age in the gastric pH.
The estimated infection probability was compared and validated using actual epidemio-
logical data.

RESULTS
Gastric bacterial reduction. The reported changes in the pH of young adult (12) and

elderly (13) individuals could be successfully described using an exponential model (Fig.
2). The reference data were derived from the Heidelberg capsules, which measured the
gastric pH of 34 young adult subjects (sex: 18 female, 16 male; range: 21 to 35 years old)
and 79 elderly subjects (sex: 49 female, 31 male; range: 65 to 83 years old) after a simu-
lated standard meal consisting of 6 oz of hamburger, 2 slices of bread, 2 oz of hash brown
potatoes, 1 tbsp each of ketchup and mayonnaise, 1 oz each of tomato and lettuce, and
8 oz of milk (for a total of 1,000 kcal) (12, 13). All the estimated parameters of the exponen-
tial model were convergent for pH changes after liquid and solid meals among young
adult and elderly individuals (Fig. S2 in the supplemental material) because the Gelman-
Rubin convergence statistic (R-hut value) of parameter distributions was 1.0. The estima-
tion of the fitted exponential model indicated that the changes in the pH in the stomachs
of elderly individuals were broader than those of young adult individuals (Fig. 2).

The reported predictive model for C. jejuni reduction in gastric juices (5) derived the
differences in the reduction behaviors of C. jejuni in young adult and elderly people’s
stomachs after a meal due to differences in pH (Fig. 3). The calculated survival ratio of
elderly individuals after ingestion of liquid and solid foods was higher than that of the
calculated survival transit ratio of young adult individuals.

Bacterial transfer to the small intestine. The reported changes in the retention ratio
in the stomach for solids and liquids (14) could be successfully described as a cumulative

FIG 2 Changes in the observed pH in human stomach after-meal pH data (points) of young adult
(12) (upper) and elderly (13) (lower) people, and the prediction band derived from the exponential
model. The estimated parameter traceplots and distributions of Bayesian MCMC can be found in Fig.
S2 of the supplemental material.
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gamma distribution (Fig. 4a). For the reported gastric emptying curves for a solid (99mTc-la-
beled omelets) and liquid (111In-labeled soft drink) meal in a healthy volunteer, liquid emp-
tying begins instantly in an exponential fashion, while the linear emptying of solid foods
begins after the lag phase (14). Estimated parameter distributions converged with
Bayesian inference because all R-hut values of parameter distributions were 1.0 (Fig. S3).
The mean (6 standard deviation) time of estimated gastric retention of solid foods was
1.5 6 0.52 h, and the mean of estimated gastric retention of liquid foods was 0.77 6 0.84
h. The survival ratio of intestinal transit varied with food type and age (Fig. 5). There was a
significant difference in the survival transit ratio in young adult and elderly people after
eating solid food, while there was no notable difference between survival transit ratio of
young adult and elderly individuals after eating liquid foods (Fig. 5a and b). In addition,
considering food type differences, there was a difference in the estimated survival pathogen
transit ratio regardless of age (Fig. 5). The gamma distribution is used to describe distributions
of the waiting time and applied to waiting times for traffic jams and internet connections. This
distribution could be appropriate to describe the time it takes for food (pathogens) entering
the stomach to travel to the intestines.

Retention time in the small intestine. The reported the colonic (large intestine)
filling ratio (15) could be successfully described as a cumulative gamma distribution
(Fig. 6a), and the distribution of the time for food to move to the large intestine after a
meal was estimated with the gamma distribution using Bayesian inference (Fig. 6b).
The reported colonic filling data was derived from 99mTc-labeled mashed potatoes (15).
The estimated parameter distributions converged with Bayesian inference, since all R-
hut values of parameter distributions were 1.0 (Fig. S4). The mean time of estimated in-
testinal retention was 5.8 6 2.0 h.

Probability of infection in human intestinal cells. The predicted infection proba-
bilities of C. jejuni were derived using the predicted cell-invasion model of C. jejuni (8)
and they varied with food type and age (Fig. 7). Comparing the influence of the C.
jejuni strain onto the predicted dose-response relationship, there were no significant

FIG 3 Predicted after-meal survival curves (solid curve indicates the median; dashed curve and
covered range indicate the 90% prediction band) of C. jejuni in the stomach of young adult (upper)
and elderly (lower) people derived from a predictive model for C. jejuni reduction in gastric juice (36).
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differences in doses of the predicted dose-response relationships of infection probabil-
ity among the three strains (within 0.5 log CFU gaps) (Fig. S7, S8, and S9) These strains
were used in the referenced studies (5, 8) for predicting the reduction behavior by gas-
tric juice and the cell-invading behavior (RIMD 0366027, RIMD 0366042, and RIMD
0366048) and had been isolated from patients of actual foodborne disease (http://
rceid.biken.osaka-u.ac.jp/LIST2012(1392).htm; accessed 18 May 2021). The predicted
infection probability of all three C. jejuni strains is shown in Fig. 7. Young adult and el-
derly individuals consuming liquid food (young adult-liquid and elderly-liquid, respec-
tively), as well as elderly individuals consuming solid food (elderly-solid) estimated
infection probabilities were similar to the reported illness probabilities derived from an
actual C. jejuni outbreak for children (8 to 13 years old) with bovine milk (16), and all
three strains’ 95% prediction bands covered the reported dose-response relationship
despite coming from a completely different type of data source, which means that one
is the real outbreak data and the other is the data of human digestive and C. jejuni
reductions. The root mean square error (RMSE) of the median prediction of young
adult-liquid, elderly-solid, and elderly-liquid groups were 0.69, 0.84, and 0.21 log CFU,
respectively, when the logarithms of pathogen dose were assumed as objective varia-
bles. In contrast, the RMSE of the median prediction of the young adult-solid group
was 1.2 log CFU and the 95% prediction band did not cover the reported dose-
response relationship. The estimated infection probabilities for the young adult-liquid
and elderly-liquid conditions were almost identical (0.2 log CFU gap). In contrast, the
young adult-solid and elderly-solid conditions resulted in a gap of about 1.0 log CFU.
The combination of conditions with the largest difference in estimates was young
adult-solid and elderly-liquid, resulting in a difference of almost 2.0 log CFU.

FIG 4 Estimated gastric retention ratio models (A and B). The reported retention ratio (14) (points in
panel A) and the predicted gastric retention models based on the cumulative gamma distribution
(curves in panel A); the predicted gamma densities for gastric retention time (B). The solid curve
indicates the median; the dashed curve and covered range indicate the 90% prediction band. The
estimated parameter traceplots and distributions of Bayesian MCMC can be found in Fig. S3 of the
supplemental material.
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Sensitivity analysis of the framework for estimating invasion probability. Figure 8
shows the Spearman’s rank correlation coefficients of model components (e.g., food
type, model parameters, Nintestine, and tintestinal) against the infection probability. The
upper factors in Fig. 8 were more relevant to the estimated infection probability. The
indicators of liquid and solid food were set as 0 and 1, respectively, and the indicators of
the strains were set as follows: RIMD 0366027, 1; RIMD 0366042, 2; and RIMD 0366048, 3.
The indicators for age were set as the mean age of individuals subjected to the pH test
(young adult: 25; elderly: 71). The most relevant factor against the infection probability
was the logarithm of the invasion count, LogNinvading, to Caco-2 cells (R: 0.95; P
value, 1026). The second position of the relevant factor was the logarithm of pathogen
count intake (R: 0.90; P value, 1026). Since the infection probability was directly derived
from these two factors, it is natural that these factors have the most relevance. The third
position of the relevant factor was the intestinal survival ratio (R: 0.26; P value , 1026).
The relevant factors from the first to the third place were computable. The most impor-
tant factors in the parametric factors were the food type (R: 20.25; P value , 1026), the
second factor was the shape parameter of the gamma distribution for gastric retention
(R: 20.22; P value , 1026), and the third factor was the rate parameter of the gamma
distribution for gastric retention (R: 20.21; P value , 1026). The factors with a P value
more than 0.05 were intestinal retention a (P value = 0.06), intestinal retention b (P
value = 0.11), stomach reduction a (P value = 0.11), stomach reduction b (P value = 0.38),
stomach reduction e (P value = 0.058), stomach reduction f (P value = 0.15), invasion ra-
tio (P value = 0.175), and invasion LogNmax (P value = 0.051).

DISCUSSION

Here, this study aimed to develop an alternative dose-response model of C. jejuni,
one of the most concerning pathogenic bacteria, through KEDRF, considering food
type and host age. There are few human test studies with a dose-response effect
(increasing trend with dose) for infection probability and data with a dose-response
effect are only for illness probability (17). For these reasons, in order to assess the valid-
ity of the infection probability estimates, the illness probability was used in this study
as a factor that cannot be simply compared but has a strong association. Despite the

FIG 5 Calculated transferred survival ratio (solid curve indicates the median; dashed curve and covered range
indicate the 90% prediction band) in intestine under each condition. (A to D) Young adult and liquid food (A),
elderly and liquid food (B), young adult and liquid food (C), elderly and solid food (D).

Mechanistic Dose-Response Model for C. jejuni Applied and Environmental Microbiology

October 2021 Volume 87 Issue 20 e01299-21 aem.asm.org 7

https://aem.asm.org


completely different approach to estimating the dose-response relationship from con-
ventional methods, the combined predictive models developed in this study based on
the KEDRF (Fig. 1) covered the reported illness probability of campylobacteriosis (16). It
seems that the KEDRF has the potential to appropriately predict C. jejuni infection
probability. The reported dose-response relationship (illness probability) resulted from
contaminated milk consumption (16) could be properly predicted from the infection
probability of the KEDRF dose-response model of this study for both young adult and
elderly individuals ingesting liquid foods (Fig. 7). In addition, the predicted infection
probability in this study is also similar to that reported by Teunis et al. 2018 (17), who
collected and estimated multiple epidemiological data (18–21). Although the predic-
tions by the KEDRF model in the case of liquid ingestion on the same dose level illus-
trated a little bit higher infection probability than those of the reported dose-response
relationship, the discrepancies were within the probabilistic variation (uncertainty) as
shown in Fig. 7. Furthermore, the infection probability according to the dose-response
relationship estimated in this study was based on the probability of invasion into intes-
tinal cells. Because the immune system prevents symptoms of illness after the invasion
of the intestinal tissue, the illness probability being lower than the infection probability
is expected.

The predicted results of this study showed a possibility that C. jejuni could invade
the intestinal tissues and infect the human body even at a dose as low as 1 to 10 CFU.
The previously reported epidemiological data on milk consumption also exhibited the
occurrence of the disease at low doses. In contrast, the dose response of C. jejuni dem-
onstrated herein showed a discrepancy with the previously reported model (22), which
is also the most widely used dose-response relationship for C. jejuni in QMRA. The
infection probability reported by Black et al. (22) was based on the presence of C. jejuni

FIG 6 Estimated colonic (large intestine) filling ratio models (A and B). The reported colonic filling
ratio (points in A) (15) and the predicted colonic filling model based on the cumulative gamma
distribution (curves in panel A); the predicted gamma densities for the time for food to move from
the small intestine to the large intestine after a meal (solid curve indicates the median; dashed curve
and covered range indicate the 95% prediction band). The estimated parameter traceplots and
distributions of Bayesian MCMC can be found in Fig. S4 of the supplemental material.
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in stools, the definition of which was completely different from that examined in this
study. The difference in definition might be the reason for the difference in the predic-
tion results. It has been reported that C. jejuni growth is inhibited upon competition
with the extended-spectrum b-lactamase-producing bacteria, including some strains
of Escherichia coli (ESBL-E), which are widespread in nature (23). Many recent studies
have reported that the healthy population is asymptomatically colonized with ESBL-E
(24, 25), with colonization frequencies ranging up to 50% (26). In the colon, which is
not an optimum environment for C. jejuni because of the anaerobic environment, the
number of viable C. jejuni may decrease owing to competition with other intestinal
bacteria. C. jejuni could be reduced before it is detected in the stool owing to competi-
tion with intestinal microbiota for nutrients or competitive effects in the gut, such as
the Jameson effect (27). Considering the actual behavior of C. jejuni in the human
body, it is better to discuss infection probability defined as the invasion probability,
not as the existence/absence of pathogens in stool, for development of dose-response
models.

While the results for the prediction were similar to those reported for illness proba-
bilities derived from an actual C. jejuni outbreak (16), it was also possible to show the
effectiveness of the implementation of the computational framework based on KEDRF.
In particular, the results will be considered beneficial because the dose-response rela-
tionship depends on the food type and the age of the host. The FAO/WHO risk assess-
ment for Listeria also emphasizes the importance of dose-response relationships in el-
derly and high-risk populations (28). In particular, the results of this study indicated a
large difference in the infection probability (young adult: 1.9 log CFU; elderly: 1.1 log
CFU) (Fig. 7) among the food types. In the sensitivity analysis, the factor related to the
food type had the largest correlation among the parameters. Figure 5 shows that
when consuming liquid food, the number of C. jejuni reaching the intestines was
higher than that when consuming solid food, owing to the difference in the gastric
retention time. The difference in the predicted infection probability between solid and
liquid foods was likewise due to the difference in the gastric retention time (Fig. 8).
KEDRF has the potential to estimate the probability of infection in young children since

FIG 7 Predicted infection probability (solid curves indicate the median; dashed curve and covered ranges
indicate the 60% and 95% prediction bands) of C. jejuni (total of all three strains) under each condition and
the reported probability of illness (16) in an outbreak among children (8 to 13 years old) with milk (squares).
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the difference between the elderly and young adult individuals was considered in this
study. Compared to food type or host age variability, the strain variability used in this
study had relatively weak relevance for infection probability (food type: 20.25, host
age: 0.10, strain: 0.023) (Fig. 8). However, from a molecular biological point of view, the
strong variability of C. jejuni virulence has been reported to depend on the host species
(29, 30). The strains used in this study, which included only three, have influence on
reduction behaviors in gastric juices and in the invasion behaviors into the intestinal
tissue. Because the three strains compared in this study, which are all isolated from
human disease, are not sufficient to determine the overall strain variability of C. jejuni,
it cannot be concluded that the effect of strain variability on infection risk is weak.
Nevertheless, the KEDRF concept, which can simultaneously consider various condi-
tions such as food type and host or strain variability, would be a useful tool for estimat-
ing dose-response relationships (2, 3).

Key event models using Bayesian inference are important in KEDRF, where predic-
tions are chained for each key event (8). This study attempted to illustrate the variabili-
ty and uncertainty of pathogen behavior and the environment of the gastrointestinal
tract based on Bayesian inference. Modeling using Bayesian inference has been used
to describe various bacterial behaviors, such as the growth and death of various bacte-
ria, as a method that can represent variability and uncertainty (8, 31–33). In addition,
KEDRF suggests that modeling the individual variability of the digestive process in dif-
ferent hosts will lead to a better understanding of food poisoning incidents, such as
the digestive modeling in this study (Fig. 2). The use of Bayesian inference to represent
not only bacterial but also host variability will allow the estimation of appropriate
dose-response relationships using mechanistic approaches.

FIG 8 Spearman’s ranked correlation coefficients of parameter and computable factors against the
predicted infection probability. Factors located at the upper position of this figure have a stronger
relevance to infection probability. Log dose, logarithm of pathogen dose; pH 0, pH immediately after
meal; pH k, Rate of decrease in pH; pH min, minimum pH value; pH sigma, SD of pH prediction;
Stomach reduction a, secondary parameter of d ; Stomach reduction b, secondary parameter of d ;
Stomach reduction c, secondary parameter of p; Stomach reduction d, secondary parameter of p; Gastric
retention alpha, shape parameter of gamma distribution for gastric retention; Gastric retention beta, rate
parameter of gamma distribution for gastric retention; Intestinal retention alpha, shape parameter of
gamma distribution for intestinal retention; Intestinal retention beta, rate parameter of gamma
distribution for intestinal retention; Intestinal survival ratio, survival pathogen transit ratio to intestine;
Invasion rate, cell-invading rate of C. jejuni; Invasion N max, maximum invading counts to 1 cm2 of cell
layer; Strain, strain indicator (RIMD 0366027: 1; RIMD 0366042: 2; RIMD 0366048: 3); Food type, food type
indicator (liquid: 0; solid: 1); Age, mean age of individuals subjected to the pH test (young adult: 25;
elderly: 71).
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Although this study has shown that KEDRF is a useful procedure for predicting
dose-response relationships of C. jejuni, KEDRF is also effective for other types of bac-
teria (3). The approach used in this study consisted of a mathematical prediction
model based on predictive microbiology and pharmacokinetics. The growth and
death of various other pathogens, as well as the cited C. jejuni model (5, 8), have
been described using predictive models (34). For many other pathogens, the present
method can be applied to calculate the intestinal viable bacterial count using gastric
retention time and survival kinetics in the stomach, independent of the pathogen
type. In addition, the KEDRF would have potential to take into account the infection
mechanisms identified by molecular biology, and it could bring us the possibility of
applying fundamental information from infection mechanisms elucidated by molecu-
lar biological approaches to the macroscopic output of actual food sanitation man-
agement sites. In this manner, development of dose-response models based on
KEDRF will be expected for various foodborne pathogens, combining various mecha-
nisms for estimating infection risks.

However, the dose-response model based on KEDRF presented in this study still
has certain limitations. The present study did not consider the growth of C. jejuni in
the intestines because its growth rate is slower than its invasion rate (8). In contrast,
a growth model is needed for fast-growing pathogenic bacteria, such as E. coli or
Salmonella. Modeling the interactions between the immune system and pathogens
is also required. It has been suggested that the probability of infection may be high,
but the illness may not develop (17). Modeling the effect of immunity on pathogens
will be necessary to predict the probability of illness. Furthermore, since the avail-
able data on the gastrointestinal tract were limited, the effect of age was reflected
only in the pH change and the effect of food type was reflected only in the residence
time in the stomach in this study. However, for a more realistic prediction, data cor-
responding to age and food types in all gastrointestinal environments, such as pH
change, gastric retention time, and intestinal retention time, are needed. The use of
acid blockers would also influence infection probabilities. For more realistic and
appropriate predictions of the dose-response relationship based on KEDRF, it is nec-
essary to study all the factors of infection mechanisms, including not only immune
modeling and additional environmental data of the gastrointestinal tract under vari-
ous conditions, but also perspectives of omics, molecular microbiology, and medical
biology.

In conclusion, the behavior of C. jejuni in the gastrointestinal tract based on the
KEDRF was predicted via mathematical models using Bayesian inference (Fig. 1, Fig. 6).
Moreover, the respective dose-response relationships for combinations of age (young
adult versus elderly) and food type (liquid versus solid) were also estimated (Fig. 7).
The results of the dose-response model of KEDRF showed similar results to the
reported dose-response relationship (15) (Fig. 7). Furthermore, sensitivity analysis of
the prediction results showed that gastric retention time was the most relevant factor
among the key events from ingestion to invasion (Fig. 8). This study demonstrated a
large potential for the development of a novel dose-response model based on KEDRF.
The dose-response model based on KEDRF will allow us to estimate the dose-response
relationships of various pathogens with various factors, such as age, sex, chronic illness,
food type, and others based on their actual infection mechanisms.

MATERIALS ANDMETHODS
Defining the key events of campylobacteriosis infection. The key events of the infection mecha-

nism for this study were designed on the basis of the KEDRF report (3). Since it is difficult to quantita-
tively assess pathogens in human body tissues such as blood vessels or lymphatic system, this study
considered the probability of invasion into the small intestinal endothelial cells as the infection probabil-
ity. The following were identified as key events: (i) pathogen reduction in the stomach; (ii) transfer to the
small intestine from the stomach; and (iii) pathogen invasion into small intestinal epithelial cells. The
influence of C. jejuni growth in intestines were omitted because it is reported that the invasion rate of C.
jejuni is much faster than C. jejuni growth rate in broth medium (7). Figure 1 shows the diagram of the
constructed model in this study, and the abbreviations are summarized in Table 1. Each key event was
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modeled by referring to data from the literature, and MCMC (Markov Chain Monte Carlo) simulations were per-
formed to derive the probability of C. jejuni invading small intestinal cells based on the developed models.

Modeling for postprandial gastric pH change among young adult and elderly individuals. The
postprandial pH changes among young adult and elderly individuals were expressed separately in a
mathematical model. The exponential models (Equation 1) were fitted to the reported pH changes after
a standard meal (1,000 kcal) for young adult (12) and elderly individuals (13):

pHðtÞ ¼ pH0e
2kpH t1pHmin (1)

where pHðtÞ denotes the pH at a time after food intake, t; pH0 denotes pH immediately after a meal; kpH
denotes the decreasing rate of pH; and pHmin denotes the convergence value of pH. The parameters were
estimated using Bayesian inference through pystan (ver. 2.19.). The normal distribution, which is generally
used, was adopted as the prior distribution of pH, as distributions of the reported data were contrasting.

Pathogen survival in stomach with between- and within-strain variability. The survival of C.
jejuni was described using a previously reported dynamic survival model of C. jejuni (Equation 2) under
artificial gastric conditions using Bayesian inference (5). The between- and within-strain variability reduc-
tion model was constructed from the data of 11 strains of C. jejuni (RIMD 0366026, RIMD 0366027, RIMD
0366028, RIMD 0366029, RIMD 0366042, RIMD 0366043, RIMD 0366044, RIMD 0366048, RIMD 0366049,
RIMD 0366050, and RIMD 0366051).

log10Sgðt1DtÞ ¼ 2
t� 1Dt
d ðpHÞ

 !pðpH Þ
(2a)

t� ¼ d ðpHÞ 2log10SgðtÞ
� �1

p

lnðd ðpHÞÞ ¼ a� pH1b
lnðpðpHÞÞ ¼ e� pH1f

(
(2b)

ak
bk
ek
fk

0
B@

1
CA;MultiNormal Cholesky

a0
b0
e0
f0

0
B@

1
CA; Rchol

0
B@

1
CA (2c)

where SgðtÞ denotes the bacterial survival ratio defined as the ratio of the surviving bacterial counts di-
vided by the initial bacterial counts; p denotes the power parameter of the Weibull model; d denotes
the time of the first decimal reduction of the Weibull model; and pH denotes the mean pH during the
time intervals from t to t1Dt as pH ¼ pHðtÞ1pHðt1DtÞ

2 . The parameters of the primary model, d and p, were

TABLE 1 Details of components in the constructed key events dose-response model

Section Abbreviation Detail of components Data source
Dose Ndose Pathogen count intake Describing variables
pH change of gastric juice after meal pH0 pH immediately after meal 12a 13b

kpH Rate of decrease in pH 12a 13b

pHmin Minimum pH value 12a 13b

spH S.D. of pH prediction 12a 13b

Pathogen reduction model in gastric juice a Secondary parameter of d 5
b Secondary parameter of d 5
e Secondary parameter of p 5
f Secondary parameter of p 5
Sg Survival pathogen ratio in gastric juice Computables

Gastric retention of food agastric Shape parameter of gamma distribution 14
b gastric Rate parameter of gamma distribution 14

Transit of pathogen rintestine Survival pathogen transit ratio to intestine Computables
Nintestine Survival pathogen transit count to intestine Computables

Cell invasion of pathogens V Volumes of small intestine 35
Nmax Maximum invading counts to 1 cm2 of cell layer 8
m Cell-invading rate 8
s invading S.D. of invading pathogen count prediction 8
S Surface area of intestine 36

Intestinal retention of food aintestinal Shape parameter of gamma distribution 15
b intestinal Rate parameter of gamma distribution 15
tintestinal Intestinal retention time Computables

Calculation of invading probability Pinfection Infection (invading) probability Objective variables
aYoung adult pH.
bElder pH.
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defined using the parameters of the secondary model (ak ; bk; ek ; fk), following the multivariate normal
distribution of Cholesky parameterization, in which Rchol is the Cholesky factor of the covariance matrix
of logðpðk;pHÞÞ and logðd ðk;pHÞÞ of all strains.

Bacterial transfer to the small intestine. Changes in the gastric retention ratio were described as
the cumulative gamma distribution, which is used to describe the waiting time of traffic jams and trans-
mitting times.

Comparing the transfer time of solid foods and liquid foods, the effect on the cell invasion ability
due to differences in food type was estimated. The changes in gastric retention ratio were described
using the following cumulative gamma distribution fitted to the reported change in the gastric retention
ratio after solid and liquid meals (14):

Rg ¼ 12
1
CðaÞ

gða;b tÞ (3)

where Rg is the gastric retention ratio; a is the shape parameter; b is the rate parameter of gamma dis-

tribution; CðaÞ is the gamma function CðaÞ ¼
ð1

0

e2uua21du;gða;b tÞ is the lower incomplete gamma func-

tiongða;b tÞ ¼
X1

k¼0

ðb tÞa1ke2b t

a a11ð Þ... a1kð Þ.

The combined equation of pH, pathogenic survival, and gastric retention model, as well as the ratio
of the surviving pathogen transfer to the intestine, rintestine , was described (Equation 4; for graphical
description, see Fig. S1), and discretely expressed as shown in Equation 4b:

rintestine;ðtÞ ¼
ðt
0

SgðsÞ
dRg

ds
ds (4a)

rintestine;ðtkÞ ¼
Xk

i¼1

SðtiÞ RgðtiÞ2Rgðti21Þ
� �

(4b)

where s denotes an operator; ti denotes the simulated gastric retention times from the gamma distribu-
tions; k denotes any natural number. Using Equation 4, the survival pathogen transit counts, Nintestinal ,
were derived as follows:

Nintestine ¼ rintestineNdose (5)

where Ndose denotes the intake counts of pathogens.
Bacterial invasion in intestinal cells. Invasion of C. jejuni was described using a modified predictive

model based on a previously reported C. jejuni model (8) (RIMD 0366027, RIMD 0366042, and RIMD
0366048) applying invasion count, Ninvading , to Caco-2 cells as follows:

d
dt

Ninvading ¼ m
Nexposure2Ninvading

V
SNmax2Ninvadingð Þ (6)

where m, Nexposure , Nmax , V , and S denote the cell invasion rate, the pathogen exposure count, the spatial
maximum invading pathogen count per 1 cm2, the volume of intestinal juice (319 ml) (35), and the sur-
face area of the small intestine (32 m2), respectively (36).

Retention time in the small intestine. The cumulative gamma distribution was fitted to the change
in the small intestinal retention ratio, Rintestinal , as the reported colonic filling ratio as follows (15):

Rintestinal ¼ 12
1
CðaÞ

gða9 ; b 9 tÞ (7)

Considering Equation 7, the small intestinal retention time, tintestinal , follows the gamma distribution
a9 as a shape parameter and b 9 as a rate parameter; Gammaða9 ; b 9 Þ as follows:

tintestinal;Gammaða9 ; b 9 Þ (8)

Invasion probability in human tissues. The probability of pathogen invasion into the cells was
determined as previously described (8). One or more C. jejuni predicted infection probabilities were
derived from the models as follows:

Pinvading ¼ 12 12
NinvadingðtintestinalÞ

NDose

� �NDose

(9)

Spearman’s rank correlation coefficients between Pinvading and the parameters were established as a
sensitivity analysis of the current dose-response model.
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Computation. All the computations were calculated under the Anaconda distribution (Python 3.7.7)
(see “Data availability”). All the Bayesian inferences have been done with No-U-Turn-Sampler MCMC.

Data availability. All the data used and the Python codes are available through GitHub (https://
github.com/Hiroki-Abe/KEDRF2021).

SUPPLEMENTAL MATERIAL

Supplemental material is available online only.
SUPPLEMENTAL FILE 1, PDF file, 0.8 MB.
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