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ABSTRACT

This study was done to optimize accuracy of predicting growth of Salmonella serovars, Escherichia coli O157:H7, and
Staphylococcus aureus in temperature-abused raw beef, poultry, and bratwurst (with salt but without added nitrite). Four
mathematical approaches were used with experimentally determined lag-phase duration (LPD) and growth rate (GR) values
to develop 12 versions of THERM (Temperature History Evaluation for Raw Meats; http://www.meathaccp.wisc.edu/
THERM/calc.aspx), a computer-based tool that calculates elapsing lag phase or growth that occurs in each entered time interval
and sums the results of all intervals to predict growth. Each THERM version utilized LPD values calculated by linear inter-
polation, quadratic equation, piecewise linear regression, or exponential decay curve and GR values calculated by linear
interpolation, quadratic equation, or piecewise linear regression. Each combination of mathematical approaches for LPD and
GR calculations was defined as another THERM version. Time, temperature, and pathogen level (log CFU per gram) data
were obtained from 26 inoculation experiments with ground beef, pork sausages, and poultry. Time and temperature data were
entered into the 12 THERM versions to obtain pathogen growth. Predicted and experimental results were qualitatively described
and compared (growth defined as �0.3-log increase) or quantitatively compared. The 12 THERM versions had qualitative
accuracies of 81.4 to 88.6% across 70 combinations of product, pathogen, and experiment. Quantitative accuracies within �0.3
log CFU were obtained for 51.4 to 67.2% of the experimental combinations; 82.9 to 88.6% of the quantitative predictions
were accurate or fail-safe. Piecewise linear regression or linear interpolation for calculating LPD and GR yielded the most
accurate THERM performance.

Since 2000, American wholesale meat and poultry pro-
cessors have used the mandatory hazard analysis critical
control point (HACCP) system for ensuring food safety
(13). Under the HACCP system, scientifically validated
critical limits must be set as criteria for use in monitoring
critical control points (CCPs) designated for each process.
Each CCP is then monitored for compliance with the crit-
ical limit. When a deviation from a critical limit occurs, the
processor must take corrective action, and the corrective
action taken must be supported by scientifically valid in-
formation.

In a typical hazard analysis for a raw meat product of
any type, at least one CCP is designated for preventing
pathogen growth, typically the step at which product tem-
perature is highest. There is no U.S. Department of Agri-
culture (USDA) guidance providing previously accepted
limits for this type of CCP in pork and beef processing,
although the USDA mandates a maximum product temper-
ature of 13�C for poultry products during processing (16).
In many small and very small plants with unrefrigerated
raw meat processing areas, the temperature at the process-
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ing step designated as the CCP may be high enough that
the product could be considered to have undergone short-
term temperature abuse, and common processing steps such
as grinding can exacerbate this situation by increasing raw
product temperature. Raw products also may be exposed to
short-term temperature abuse during CCP deviations or oth-
er processing and/or scheduling problems.

Processors of raw meat and poultry products clearly
need scientifically valid information for establishing critical
limits and determining appropriate corrective actions. Pre-
dictive microbiological tools are potentially important
sources of this scientific information but have not been ac-
cepted by the USDA as the sole source of scientifically
valid information (17), in part because of concerns that
tools often are based on studies done using pure cultures
in laboratory media under isothermal conditions. A major
challenge to the development of practical predictive tools
for use in the meat industry is the ability to accurately ac-
count for changes in bacterial behavior that occur with
changing temperature. Meat temperatures may fluctuate
widely during temperature-abuse deviations, and even in
well-controlled raw meat processing systems, meat temper-
ature can change during steps such as grinding, mixing, or
packaging. Several researchers have developed and applied
mathematical bacterial growth models for dynamic temper-
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ature conditions. One important consideration in developing
these models is the extent to which bacterial lag-phase du-
ration (LPD) and growth rate (GR) change as temperature
changes. Baranyi and Roberts (1) presented a single math-
ematical function to describe the physiological condition of
bacteria at the time of inoculation into the test medium and
the new environment encountered by the bacteria immedi-
ately after inoculation. Incorporation of this function into a
predictive equation eliminated the need for separate predic-
tion of LPD. Baranyi et al. (2) subsequently used this ap-
proach to predict growth of Brochothrix thermosphacta in
a laboratory medium under nonisothermal conditions.
Working with Lactobacillus plantarum in a laboratory me-
dium, Zwietering et al. (20) concluded that exposing lag-
phase cells to a shift in temperature resulted in a 25% in-
crease in LPD beyond the expected remaining proportion
of the lag phase at the new temperature. These authors also
reported an adaptation-related delay when already growing
cells were exposed to a new temperature, i.e., the cells did
not immediately have the GR normally observed at the new
temperature. Zwietering et al. suggested, however, that ig-
noring adaptation-related delays was a simple conservative
approach to prediction, particularly for situations with fre-
quent temperature changes. Ignoring the adaptation times
would increase the likelihood of a fail-safe prediction, i.e.,
overprediction of growth, when the temperature increased
over time, such as when temperature control is lost during
processing of raw meat.

Koutsoumanis (6) used an integration approach to pre-
dict the LPD for pseudomonads on fish under nonisother-
mal conditions and then used an interval accumulation
strategy to predict subsequent growth. This approach suc-
cessfully predicted the growth of pseudomonads, lactic acid
bacteria, and Enterobacteriaceae in fresh ground pork un-
der conditions of periodic temperature abuse (7). Fujikawa
et al. (3) studied Escherichia coli growth in a laboratory
medium and developed a logistic growth prediction model
that included a differential equation with a lag-phase term.
This tool accurately predicted growth when the temperature
fluctuations were within 30 to 35�C, were periodic, and
occurred over 8 to 12 h.

Previously we developed a computer-based tool for
predicting pathogen behavior in raw pork, beef, and poultry
during short-term temperature abuse (4). This tool, THERM
2.0 (Temperature History Evaluation for Raw Meats), was
based on experiments done with multistrain pathogen in-
ocula in nonsterile meat products, and a subsequent Inter-
net-accessible version (http://www.meathaccp.wisc.edu/
THERM/calc.aspx) can be used by processors to support
critical limit and corrective action decisions. A THERM
version for raw pork sausage mix also has been developed
(5). THERM uses linear interpolation of experimentally de-
termined pathogen LPD and GR values with an interval
accumulation technique to predict the behavior of Salmo-
nella serovars, E. coli O157:H7, or Staphylococcus aureus
in raw products based on the time-temperature history en-
tered by the user.

In 1993, Whiting and Buchanan (19) proposed the clas-
sification of predictive microbiology models as primary,

secondary, or tertiary. Primary models describe the quan-
titative change in a bacterial population over time under
specific environmental conditions. These environmental
conditions may be external to the growth medium, e.g.,
temperature, and/or internal to the growth medium, e.g.,
initial pH or salt percentage. However, primary models may
not account for changes in the growth medium as growth
occurs. The THERM tool is based on experimentally de-
veloped primary models of pathogen LPD and GR. Sec-
ondary models describe the response of one or more pa-
rameters of a primary model, e.g., LPD, to one or more
changes in environmental conditions. This study focused on
mathematical approaches for making secondary models that
show the relationship between pathogen LDP or GR and
temperature. Tertiary models are incorporations of one or
more primary and secondary models into a user-friendly
computer software application. The THERM tool is a ter-
tiary model.

In the present study, our objective was to evaluate the
secondary models (calculation of LPD and GR) upon which
the tertiary model (THERM) was based. We compared the
existing version of the THERM tool to other THERM ver-
sions developed using different mathematical methods of
calculating LPD and GR: quadratic equation, piecewise lin-
ear regression, and exponential decay-curve predictions.
These methods were used to calculate both LPD and GR
values (except for the exponential decay-curve model,
which was used to calculate only LPD) for various product-
pathogen combinations. Qualitative and quantitative growth
predictions from the different THERM versions were then
statistically analyzed to determine which version yielded
the most accurate results.

MATERIALS AND METHODS

Experimental determination of LPD and GR values. Raw
ground beef, ground turkey, and bratwurst (not stuffed in casings)
were obtained and prepared as previously described (4, 5). These
meats were inoculated with five strains each of Salmonella sero-
vars and E. coli O157:H7 or five strains of S. aureus (4, 5). All
strains were grown to stationary phase in brain heart infusion (Dif-
co, Becton Dickinson, Sparks, MD). Strain origins are listed in
Table 1. Isothermal studies were conducted at intervals of either
2.8 or 5.6�C (5 or 10�F) ranging from 10 to 46.1�C. Ground meats
(ca. 25 g) were weighed out into sample bags (7.5 by 18.5 cm)
and allowed to reach the test temperature in either a static water
bath (temperatures above room temperature) or an incubator (tem-
perature at or below room temperature). A type-K thermocouple
attached to a data logger (model SP150, Dickson, Addison, IL)
was inserted in the center of a bag of product to determine when
the test temperature had been reached. When the test temperature
was reached, each sample (except the one containing the ther-
mocouple) was inoculated with 100 �l of either the combined
inoculum (Salmonella serovars and E. coli O157:H7) or the S.
aureus inoculum to achieve an initial cell concentration of about
4.5 log CFU/g. Previously we determined that pathogen growth
was faster when the inoculum was dispersed in the ground meat
than when the inoculum was localized in a ‘‘hole’’ within the meat
mass (data not shown), so each inoculated sample bag was closed
and manually massaged for approximately 20 s to distribute the
inoculum throughout the meat mass. Bags of inoculated meat were

http://www.meathaccp.wisc.edu/THERM/calc.aspx
http://www.meathaccp.wisc.edu/THERM/calc.aspx


J. Food Prot., Vol. 72, No. 61192 BORNEMAN ET AL.

TABLE 1. Pathogen strains used for development and testing of THERM predictive tools

Pathogen Strain no. Isolated from: Sourcea

Escherichia coli O157:H7 USDA-FSIS-380-94 Salami implicated in illness outbreak 1
E. coli O157:H7 ATCC 43894 Clinical sample 2
E. coli O157:H7 ATCC 43895 Ground beef implicated in illness outbreak 2
E. coli O157:H7 ATCC 51657 Clinical sample 2
E. coli O157:H7 ATCC 51658 Clinical sample 2
Salmonella Typhimurium S9 Clinical sample, Wisconsin Laboratory of Hygiene 3
Salmonella Heidelberg S13 Clinical sample, Wisconsin Laboratory of Hygiene 3
Salmonella Infantis S20 Unknown 3
Salmonella Hadar S21 Unknown 3
Salmonella Enteritidis E40 Chicken ovary isolate, New York Department of Health 3
Staphylococcus aureus ATCC 12600 Clinical sample 2
S. aureus ATCC 25923 Clinical sample 2
S. aureus FRI-100 Cake implicated in illness outbreak 4
S. aureus FRI-472 Turkey salad implicated in illness outbreak 4
S. aureus FRI-1007 Genoa salami implicated in illness outbreak 4

a Sources: 1, Dr. John Luchansky, formerly of the Food Research Institute, University of Wisconsin–Madison, now at the USDA,
Agricultural Research Service, Eastern Regional Research Center, Wyndmoor, PA; 2, American Type Culture Collection, Manassas,
VA; 3, Dr. Eric Johnson, Food Research Institute, University of Wisconsin–Madison; 4, Dr. Amy Wong, Food Research Institute,
University of Wisconsin–Madison.

returned to the isothermal experiment temperature as quickly as
possible (�5 min).

Three concurrent trials were conducted for each temperature
with separate inocula prepared for each trial, and enough bags of
inoculated product were prepared to allow analysis of one bag for
each inoculum type in each trial at every sampling time. Three
bags per inoculum type (one per trial) were removed from the
water bath or incubator at each sampling time. The outer surface
of each bag was sanitized with 70% ethanol and allowed to dry.
Once dry, the contents of each bag were transferred to a corre-
sponding filter bag (15.25 by 23 cm). The original sample bag
was everted to expose any inoculum still on the bag and also was
placed into the filter bag. In the filter bag, the sample and the
original sample bag were combined with 99 ml of Butterfield’s
phosphate diluent (BPD; Nelson Jameson, Marshfield, WI) and
stomached at normal speed for 30 s with a stomacher lab blender
(Fisher Scientific, Pittsburgh, PA). The liquified sample was then
serially diluted in BPD and analyzed by plating, as described pre-
viously (4, 5). Similar sample processing techniques were used at
each sampling time in experiments to test the predictive tools (see
below).

For each pathogen and test temperature, the log CFU per
sample was determined at each sampling time for each of the three
trials. These data were then entered for each pathogen and test
temperature into the DMFit 2.0 program (J. Baranyi, Institute of
Food Research, Norwich Research Park, Norwich, UK), which
generated a best-fit growth curve with an estimated LPD, GR, and
corresponding R2 value (Table 2). These LPD and GR values were
utilized to construct quadratic curves (Table 3) (R-software 2007,
R Foundation for Statistical Computing, Vienna, Austria) and
piecewise linear regression lines (Table 4) (R-software), and LPD
calculations were used to construct exponential decay curves (Ta-
ble 5) (R-software). An example of the relationship between ex-
perimentally determined LPD and GR values and corresponding
values calculated using each mathematical method is shown in
Figure 1.

The THERM predictive tool. THERM is a predictive tool
that uses data from a sequence of time-temperature combinations
obtained under static or dynamic conditions (with a data logger

or repeated or sporadic manual temperature measurements) to pre-
dict the extent of pathogen growth. When entered temperatures
correspond to temperatures tested in experiments, the LPD and
GR values can be those directly determined from experimental
data. In THERM 2.0, these values were used when appropriate,
but when entered temperatures were different from those used in
experiments, the LPD and GR values were calculated by linear
interpolation. Other THERM versions utilized the experimentally
determined LPD and GR values to determine quadratic equations
for calculating all needed LPD or GR values, ‘‘best fit’’ piecewise
linear regressions for producing needed LPD and GR values, or
an exponential decay-curve, fitted from experimental LPD values,
for calculating LPD. Each combination of mathematical approach-
es for calculating LPD and GR was tested as a separate version
of THERM (see Table 6).

The quadratic equations were obtained, along with their as-
sociated R2 values, by entering experimentally determined LPD
and GR values into R-software. The coefficients for the quadratic
equations describing LPD and GR for each pathogen-product
combination are shown in Table 3. Minimum and maximum pre-
dicted growth temperatures, i.e., temperatures at which GR was
0, were determined by solving the quadratic equation for y � 0.

Before conducting piecewise linear regression analysis, the
experimentally determined GR values were converted to genera-
tions per hour, and the square root was calculated. These GR val-
ues and the experimentally determined LPD values were used to
produce one-, two-, or three-piece fitted lines (LPD or GR versus
temperature) as determined by analysis of variance (‘‘anova’’
command in the R-software) between one-piece, two-piece, and
three-piece lines as applicable. When the P value was �0.05, the
line with the greater number of pieces was utilized. When the P
value was �0.05, the line with the fewer number of pieces was
used. The equations for the regressions describing each product-
pathogen combination (see Table 4) were utilized in calculating
LPD and GR values.

Exponential decay curve fitting of LPD data utilized the for-
mula LPD � (lagexp � lagmin) ·exp[�(actual temp � Tmin)/half-
temp] 	 lagmin. The quantity lagexp was the calculated LPD value
at the lowest experimental temperature at which growth was ex-
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TABLE 2. Lag-phase duration (LPD), growth rate (GR), and R2 values determined in previous experiments (4, 5) for Salmonella
serovars (SALM), E. coli O157:H7 (EC), and S. aureus (SA) in raw ground beef, raw bratwurst, and raw ground poultrya

Temp (�C/�F)

SALM

LPD
(min)

GR
(log CFU/min) R2

EC

LPD
(min)

GR
(log CFU/min) R2

SA

LPD
(min)

GR
(log CFU/min) R2

Ground beef

43.3/110 79 0.0146 0.90 63 0.0262 0.89 111 0.0107 0.99
40.6/105 105 0.0219 0.92 63 0.0169 0.95 102 0.0111 0.95
37.8/100 106 0.0195 0.97 86 0.0201 0.70 101 0.0129 0.99
35.0/95 90 0.0109 0.94 78 0.0147 0.91 155 0.0111 0.99
32.2/90 105 0.0086 0.91 86 0.0100 0.98 149 0.0078 0.99
29.5/85 107 0.0057 0.90 99 0.0060 0.91 192 0.0069 0.97
26.7/80 123 0.0060 0.96 130 0.0062 0.95 346 0.0057 0.99
23.9/75 180 0.0030 0.86 156 0.0028 0.90 260 0.0032 0.99
21.1/70 215 0.0039 0.95 216 0.0034 0.77 361 0.0024 0.79
18.4/65 232 0.0032 0.99 251 0.0028 0.99 751 0.0011 0.94
15.6/60 513 0.0016 0.90 387 0.0015 0.95 NGb NG NG
12.8/55 747 0.0012 0.99 560 0.0012 0.99 NG NG NG
10.0/50 2,784 0.0002 0.82 1,625 0.0004 0.74 NG NG NG

Bratwurst

46.1/115 NRc NR NR NR 98 0.0077 0.80
43.3/110 221 0.0130 0.81 207 0.0120 0.75 141 0.0240 0.97
40.6/105 253 0.0090 0.75 NR NR 108 0.0160 0.91
37.8/100 155 0.0071 0.91 248 0.0088 0.93 110 0.0140 0.94
35.0/95 325 0.0097 0.91 343 0.0087 0.94 111 0.0120 0.99
32.2/90 318 0.0064 0.90 274 0.0063 0.98 155 0.0095 0.98
29.5/85 445 0.0075 0.90 284 0.0056 0.82 221 0.0100 0.95
26.7/80 411 0.0046 0.90 272 0.0050 0.98 257 0.0072 0.99
23.9/75 688 0.0057 0.75 513 0.0061 0.94 347 0.0042 0.92
21.1/70 809 0.0024 0.63 679 0.0027 0.87 375 0.0026 0.93
18.4/65 NDd ND ND ND ND ND 510 0.0018 0.98

Poultry

43.3/110 44 0.0110 0.81 134 0.0090 0.97
40.6/105 48 0.0156 0.99 57 0.0060 0.93
37.8/100 92 0.0162 0.98 156 0.0161 0.99
35.0/95 137 0.0171 0.88 158 0.0120 0.99
32.2/90 134 0.0085 0.80 130 0.0096 0.98
29.5/85 136 0.0117 0.86 208 0.0066 0.77
26.7/80 207 0.0106 0.86 249 0.0055 0.98
23.9/75 186 0.0056 0.96 232 0.0033 0.97
21.1/70 281 0.0029 0.80 498 0.0021 0.96
18.4/65 501 0.0028 0.94 1,217 0.0037 0.98
15.6/60 826 0.0022 0.73 966 0.0009 0.97
12.8/55 887 0.0008 0.96 NG NG NG
10.0/50 1,364 0.0004 0.84 NG NG NG

a Indigenous microbial load before inoculation averaged �3.5 log CFU/g in beef and poultry and �3.7 log CFU/g in bratwurst. R2

values were derived using DMFit.
b NG, no growth.
c NR, not reported. No LPD or GR values were reported because R2 value was unacceptably low.
d ND, not determined, i.e., no experiments were conducted.

perimentally observed, and lagmin was the calculated minimum
lag time. Tmin was the lowest experimentally tested growth tem-
perature and half-temp was the estimated change in temperature
associated with an approximately one-half reduction (1 � 1/e �
63% reduction) in the difference between the minimum and max-
imum LPD. The exponential decay curve coefficients, one for
each product-pathogen combination, that were utilized in predict-
ing LPD values are shown in Table 5.

Each mathematical method was used with certain limits to

protect against potentially erroneous values. An LPD minimum
and a GR maximum were established to ensure that a mathemat-
ical method would not predict values that were not observed ex-
perimentally or were biologically impossible. In all versions, if
the mathematical method predicted an LPD that was smaller than
the minimum experimental value or a GR that was in excess of
the maximum experimentally determined value, the mathematical
method would be bounded by the minimum LPD or maximum
GR value determined experimentally. A minimum GR value of 0
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TABLE 3. Quadratic equation coefficients fitted to observed lag-phase duration (LPD) or growth rate (GR) data, with resulting R2

valuesa

Product Pathogenb Output a b c R2

Beef EC LPD 2.28 �149.23 2,404 0.77
GR 0.000026 �0.00069 0.0055 0.96

SALM LPD 4.11 �262.63 4,050 0.71
GR 0.000015 �0.00021 0.0011 0.85

SA LPD 1.41 �106.59 2,110 0.85
GR �0.000014 0.0013 �0.019 0.93

Bratwurst EC LPD 1.36 �104.17 2,212 0.80
GR 0.0000068 �0.000074 0.0022 0.91

SALM LPD 1.60 �128.99 2,814 0.94
GR 0.0000027 0.00018 �0.0015 0.78

SA LPD 0.76 �62.54 1,388 0.98
GR �0.000021 0.0019 �0.0280 0.65

Poultry SALM LPD 1.86 �131.70 2,365 0.95
GR �0.0000076 0.00091 �0.0099 0.82

SA LPD 2.37 �172.73 3,213 0.83
GR �0.000016 0.0013 �0.017 0.62

a Format of equation is LPD or GR � ax2 	 bx 	 c, where x is temperature in degrees Celsius. Coefficients and R2 values were derived
using R-software.

b EC, E. coli O157:H7; SALM, Salmonella serovars; SA, S. aureus.

also was used in each THERM version. If the mathematical meth-
od calculated negative growth (i.e., pathogen death) due to a very
low temperature after growth began, the boundary would limit the
GR value for that time interval to 0 (i.e., not allowing negative
numbers). This boundary was set because THERM is an interval
accumulation tool and negative GR values could incorrectly de-
crease the total predicted change in log CFU values. For validation
experiments in which the temperatures were below the minimum
pathogen growth temperature (8, 9, 12) for a period of time, the
time at these subgrowth temperatures was not utilized for calcu-
lation of predictive values.

Utilizing the calculated LPD and GR values, THERM uses
an interval accumulation strategy to first calculate the time elaps-
ing before the selected pathogen would begin growing (LPD).
After lag phase completion is predicted, the predicted amount of
growth is calculated based on the GR. An interval was defined as
the difference in time values between two entered time-tempera-
ture data pairs, and the second temperature in the interval was
designated as the temperature for the entire interval. Intervals may
be defined based on data logger readouts or by repeated, periodic,
or sporadic manual temperature measurements. However, the
THERM user is responsible for defining and entering the interval
information into the THERM tool. The percentage of LPD elaps-
ing in each time interval (constant temperature assumed) was es-
timated by dividing the interval time by the LPD for the interval
temperature and multiplying the resulting value by 100. The per-
centage of LPD contributed by each interval was accumulated
until 100% of the time in lag phase had elapsed (equation 1):

N

Total %LPD � interval time/LPD 
 100 (1)� i
i�1

After calculations had determined that the lag phase was complete,
interval accumulation was used to estimate subsequent growth, in
log CFU. The growth was computed by multiplying GR for the
interval temperature (log CFU per minute) by either the time
(minutes) remaining in the interval during which lag phase ended
or by the total time of the interval (for all intervals thereafter)
(equation 2):

N

Total growth � GR for interval i 
 interval time i (2)�
i�1

Testing predictive tool performance in commercial prod-
uct inoculation studies. The accuracy of the 12 versions of the
THERM predictive tool was tested using data from 12 beef, 6
bratwurst or breakfast link, and 8 poultry inoculation experiments,
as described previously (4, 5). In these experiments, previously
chilled products were exposed to one or more isothermal condi-
tions, resulting in dynamic product temperatures, i.e., product
warming or cooling. In some cases, the product temperature be-
came static. Because processors may not always know the product
temperature during a deviation, we monitored product temperature
in some experiments and storage chamber temperature in others.
Conditions of the validation experiments for all product-pathogen
combinations had abuse times ranging from 180 to 900 min and
temperatures ranging from �19.6 to 38.8�C. These conditions are
a subset of the possible temperature abuse combinations and did
not include temperatures between 38.9 and 46.1�C, which are cov-
ered by the secondary models from which THERM was devel-
oped. Similarly, the tested temperature abuse conditions resulted
in a range of pathogen responses for each product, with maximum
growth on beef for Salmonella, E. coli O157:H7, and S. aureus
of 4.0, 3.7, and 2.8 log CFU, respectively. Corresponding maxi-
mum growth responses on bratwurst or breakfast links were 3.6,
3.2, and 5.4 log CFU, respectively. Maximum growth responses
for Salmonella and S. aureus on poultry products were 1.9 and
2.1 log CFU, respectively. Although future studies should be con-
ducted to examine conditions that result in even greater pathogen
growth, the conditions employed in this study spanned a realistic
range of conditions that may occur in processing plants. For each
experiment, the time during which the product or growth chamber
temperature was above the lowest observed growth temperature
for the pathogen of interest was arbitrarily divided into 20 equal
intervals. The time-temperature pairs at each interval endpoint
were then entered in THERM (all versions; see Table 6) to obtain
predictions of pathogen growth. Samples of product were ana-
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TABLE 4. Linear regression coefficients fitted to observed lag-phase duration (LPD) or growth rate (GR) data, with resulting R2

valuesa

Product Pathogenb
Intercept

(LPD units)
Temp range

(�C)
Slope range (SR)

(�C)
Slope

(LPD units/�C) R2

LPD values

Beef EC 212.2 10.0–43.3 �12.8
12.8–18.4

�18.4

�318.06
�62.17
�7.72

0.99

SALM 210.2 10.0–43.3 �12.8
12.8–18.4

�18.4

�624.26
�98.32
�5.99

0.99

SA 331.2 18.4–43.3 �21.1
�21.1

�155.49
�12.01

0.96

Bratwurst EC 303.6 21.1–43.3 �26.7
�26.7

�68.58
�4.18

0.96

SALM 435.9 21.1–43.3 �26.7
�26.7

�71.33
�15.40

0.94

SA 134.8 18.4–46.1 �32.2
�32.2

�25.02
�2.05

0.97

Poultry SALM 245.8 10.0–43.3 �21.1
�21.1

�94.12
�9.48

0.98

SA 268.05 15.6–43.3 �23.9
�23.9

�108.96
�9.67

0.88

GR values

Beef EC 0.85 10.0–43.3 �26.7
�26.7

0.035
0.071

0.97

SALM �0.26 10.0–43.3 10.0–43.3 0.051 0.92
SA 1.62 18.4–43.3 �37.8

�37.8
0.057

�0.032
0.99

Bratwurst EC 0.18 21.1–43.3 21.1–43.3 0.031 0.88
SALM 0.19 21.1–43.3 21.1–43.3 0.031 0.78
SA 2.07 18.4–43.3 �43.3

�43.3
0.058

�0.295
0.97

Poultry SALM 1.89 10.0–43.3 �37.8
�37.8

0.058
�0.067

0.95

SA 1.10 15.6–43.3 �37.8
37.8–40.6

�40.6

0.272
�0.216

0.091

0.94

a Coefficients and R2 values were derived using R-software.
b EC, E. coli O157:H7; SALM, Salmonella serovars; SA, S. aureus.

TABLE 5. Exponential decay curve coefficients fitted to observed lag-phase duration (LPD), with resulting R2 valuesa

Product Pathogenb Lagmin (min) Lagexp (min) Tmin (�C) Half-temp (min/oC) R2

Beef EC 110.3 1,603.0 10.0 2.806 0.98
SALM 134.4 2,767.3 10.0 2.176 0.99
SA 128.3 718.8 18.4 4.285 0.92

Bratwurst EC 248.7 690.3 21.1 3.706 0.90
SALM 164.8 824.8 21.1 7.981 0.94
SA 74.5 590.2 18.4 9.188 0.97

Poultry SALM 37.3 1,360.6 10 7.790 0.98
SA 43.2 1,142.4 15.6 7.595 0.83

a Coefficients and R2 values were derived using R-software. Lagmin is the calculated minimum lag time; lagexp is the calculated LPD
value at the lowest experimental temperature at which growth was experimentally observed; Tmin is the lowest experimentally tested
growth temperature; half-temp is the estimated change in temperature associated with an approximately one-half reduction (1 � 1/e
� 63% reduction) in the difference between the minimum and maximum LPD.

b EC, E. coli O157:H7; SALM, Salmonella serovars; SA, S. aureus.
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FIGURE 1. Lag-phase duration (top row)
and growth rate (bottom row) of Esche-
richia coli O157:H7 in ground beef with
experimentally determined values (open
circles) and calculated values (line). Lag-
phase duration was calculated by linear
interpolation, quadratic equation, piece-
wise linear regression, and exponential de-
cay methods. Growth rate was calculated
by linear interpolation, quadratic equa-
tion, piecewise linear regression of values
expressed as log CFU per minute, and
piecewise linear regression of values ex-
pressed as the square root of number of
generations per hour.

TABLE 6. Different versions of THERM

Version Method of LPD determination Method of GR determination

AA Linear interpolation (between experimental values) Linear interpolation (between experimental values)
AB Linear interpolation Quadratic equation (fitting experimental values)
AC Linear interpolation Piecewise linear regression (fitting experimental values)
BA Quadratic equation (fitting experimental values) Linear interpolation
BB Quadratic equation Quadratic equation
BC Quadratic equation Piecewise linear regression
CA Piecewise linear regression (fitting experimental values) Linear interpolation
CB Piecewise linear regression Quadratic equation
CC Piecewise linear regression Piecewise linear regression
DA Exponential decay curve (fitting experimental values) Linear interpolation
DB Exponential decay curve Quadratic equation
DC Exponential decay curve Piecewise linear regression

lyzed to determine the actual pathogen growth. Comparisons were
then made between observed pathogen growth and pathogen
growth predicted by each version of THERM.

Statistical analyses. For each experimental replicate, the fi-
nal log CFU value was subtracted from its corresponding time 0
value to obtain an observed � log CFU value. A mean observed
� log CFU value for each pathogen in each experiment was then
calculated. Time-temperature data from each experiment were en-
tered into THERM (all versions) to obtain predicted � log CFU
values. Predicted and observed � log CFU values were qualita-
tively described either as growth (�0.3 log CFU increase) or no
growth (�0.3 log CFU increase). This criterion, which is one
generation of growth, was chosen based on the sensitivity and
precision of our enumeration method and our experience with reg-
ulatory expectations of no pathogen growth in raw products.

A qualitative THERM prediction was classified as accurate
when it was the same as the observed result, e.g., growth was
predicted and observed, as fail-safe (FS) when growth was pre-
dicted but not observed in the experiment, and as fail-dangerous
(FD) when no growth was predicted but growth was observed in
the experiment. Logistic regression analysis (R-software) was
used to determine which THERM version was most accurate
(highest proportion of accurate predictions) and which version had
the lowest proportion of FD predictions.

Quantitative analysis of THERM predictions for all experi-
ments was conducted by comparing the predicted � log CFU val-
ues from each THERM version with the observed � log CFU
value. When the difference between the predicted and observed
values was �0.3 log CFU, the THERM prediction was classified

as accurate. The prediction was FS when the predicted growth
exceeded observed growth by �0.3 log CFU and FD when the
observed growth exceeded predicted growth by �0.3 log CFU.
Logistic regression analysis (R-software) was used to determine
which THERM version was most accurate (highest proportion of
accurate predictions) and which version had the lowest proportion
of FD predictions.

For both qualitative and quantitative analyses, logistic re-
gression accounted for the effect of the mathematical method used
to calculate LPD and GR in addition to product, pathogen, and
experiment. The initial equation for logistic regression was log[p/
(1 � p)] � � 	 �product·pathogen 	 �experiment 	 �LPD·GR, where
p is the probability of accurate prediction or the probability of
non-FD prediction. In this initial equation, product and pathogen
were assumed to be interacting, and the methods for calculating
LPD and GR were assumed to be interacting (denoted by the
product dot). This assumption was made based on visual analysis
of the data. To determine whether an interaction was indeed oc-
curring, a likelihood ratio test was performed by dropping each
variable in turn from the equation and observing its effect on the
validity of the equation (P value). A P value of �0.05 indicated
that the interaction was significant and could not be dropped. In
all analyses of both qualitative and quantitative data, it was de-
termined that product and pathogen had strong interactions, and
methods for calculating LPD and GR did not. Therefore the equa-
tion was modified accordingly: log[p/(1 � p)] � � 	
�product·pathogen 	 �experiment 	 �LPD 	 �GR. An additional equa-
tion, log[p/(1 � p)] � � 	 �product·pathogen 	 �experiment 	
�THERM version, was utilized. These equations were then utilized in
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combination with a likelihood ratio test to determine whether there
was any significant difference (P � 0.05) between THERM ver-
sions. If a significant difference was detected, pairwise compari-
sons of THERM versions were made utilizing the Wald t tests as
part of the ‘‘summary’’ function of the R-software.

RESULTS AND DISCUSSION

An important feature of the THERM tool is its foun-
dation of primary models obtained using multistrain inocula
in actual nonsterile food. This feature, which enhances its
applicability to industry use, also addresses some USDA
concerns about predictive tools (17). Many other noniso-
thermal predictive models have been developed using a sin-
gle bacterial strain in sterile laboratory media (2, 3, 20),
limiting the usefulness of these models to industry. A no-
table exception is the work of Koutsoumanis et al. (7), who
studied the growth of several different bacterial groups,
e.g., Enterobacteriaceae, in commercial ground pork stored
under periodic temperature abuse regimes. However, these
authors did not evaluate growth of pathogens.

As we pointed out in an earlier article describing
THERM (4), there are some potential shortcomings of us-
ing multistrain inocula to develop the primary models upon
which secondary and tertiary models are based. However,
the use of multiple strains increases the likelihood of in-
cluding a rapidly growing strain, thereby making conser-
vative predictions more likely.

An important unknown in predicting bacterial growth
under nonisothermal conditions is the extent to which the
physiological condition of cells changes with changing tem-
perature. Baranyi and Roberts (1) described one mathe-
matical approach to quantifying this unknown. The
THERM tool indirectly considers the physiological condi-
tion of the pathogen cells at each successive temperature
by calculating the percentage of the LPD that has already
elapsed, but it does not add an adaptation time to the LPD
or adjust the predicted growth rate at each new temperature.
This approach is more likely to overpredict than underpre-
dict growth.

The experimentally determined LPD and GR values
yielded by DMFit software generally followed a consistent
trend: as temperature increased the LPD decreased and GR
increased. This result is expected because the three patho-
gens observed are mesophilic and the experimental tem-
peratures were within their growth ranges.

In some instances, variability was observed, and a rise
in temperature resulted in corresponding higher LPD or
lower GR values than those for temperatures 2.8 or 5.6�C
lower. This finding could be explained by biological vari-
ation among the pathogen strains or by experimental vari-
ation.

Graphical representations of the different mathematical
methods for calculating LPD and GR for E. coli O157:H7
in ground beef are shown in Figure 1. Other than for linear
interpolation, each mathematical method for calculating
LPD or GR values could be evaluated in terms of goodness
of fit between predicted and observed values. Ranges of R2

for equations used to calculate LPD were 0.71 to 0.98, 0.88
to 0.99, and 0.83 to 0.99 for the quadratic equation, piece-

wise linear regression, and exponential decay curve meth-
ods, respectively. Similarly, the ranges of R2 values for GR
equations were 0.62 to 0.96 and 0.78 to 0.99 for the qua-
dratic equation and piecewise linear regression methods,
respectively.

As indicated by the R2 value ranges for the various
mathematical methods, goodness-of-fit values were depen-
dent upon the method. The primary reason for this depen-
dency probably is the underlying anomalies in the experi-
mentally determined LPD and GR values. Piecewise linear
regression could divide the data into subsets, so this method
tended to have higher R2 values. If variability affecting the
primary models (the experimentally determined LPD and
GR values) were reduced, R2 values for LPD and GR pre-
dicted by each of the other mathematical methods probably
would increase.

The quadratic and exponential decay curve methods
also tended to have lower R2 values because of the presence
of some unexpected experimentally determined product and
pathogen LPD and GR values, i.e., increasing temperature
did not always result in a shorter LPD or higher GR values.
This variability was especially important when the data in-
dicated a fairly linear decrease in LPD and increase in GR
values throughout the entire temperature range until some
higher temperature, typically 37.8 to 43.3�C, was reached
and the LPD or GR values changed sharply.

In follow-up analysis, we confirmed that goodness of
fit for GR predicted by piecewise linear regression was
slightly better when experimentally determined growth
rates were expressed as the square root of generations per
hour, with the regressed line then transformed back to a
scale of log CFU per minute compared with when experi-
mentally determined growth rates were expressed as log
CFU per minute (see Fig. 2). In future work, researchers
should examine whether expressing experimentally deter-
mined growth rates as the square root of generations per
hour would improve the goodness of fit for the quadratic
equation calculations of GR. Another possible approach for
predicting GR would be the cardinal temperature model
with inflection (10, 11). This approach can be used when
the minimum and maximum growth temperatures for a par-
ticular microorganism are known or can be estimated and
when GR is experimentally determined across the entire
temperature range where growth may occur. To incorporate
this secondary model into THERM, it would be necessary
to expand the study to a much wider range of temperatures;
our study focused on a range of temperatures likely to be
observed in the meat industry, where GR generally increas-
es with temperature. Both of these approaches warrant fur-
ther study.

The apparent accuracy of THERM is influenced by the
variability associated with calculated LPD and GR values
and by the variability of experimental results to which the
THERM predictions are compared. For example, four of
the poultry validation experiments were conducted with
identical time and temperature profiles. Although observed
Salmonella growth for these experiments remained fairly
consistent (range, 0.2 log CFU), observed S. aureus growth
was 1.4 to 2.1 log CFU (range, 0.7 log CFU). Therefore,
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FIGURE 2. Comparison of growth rate calculations by piecewise
linear regression of experimentally determined growth rates ex-
pressed as log CFU per minute (left plots) and by piecewise linear
regression of experimentally determined growth rates expressed
as square root of generations per hour, with regressed line trans-
formed back to log CFU per minute scale (right plots).

even if THERM made predictions for the average growth
with perfect accuracy, its prediction would have been clas-
sified as either FS or FD for two of the four experiments.
As a result, any predictive tool can only be as accurate as
the inherent consistency of the system being used to de-
velop the tool and the system the tool is evaluating. The
predictive accuracy of the tool may also be low when the
underlying primary or secondary models are inappropriate
or do not account for an important independent variable.
The extent to which mathematical values are rounded and/
or truncated when calculating LPD and GR also may influ-
ence the predictive accuracy of THERM. We truncated ex-
perimentally derived LPD and GR values to four decimal
places (Table 2). Rounding and truncation procedures can
be deduced for the various calculated coefficients shown in
Tables 3 through 5.

With nonisothermal predictive tools such as THERM,
it is important to choose a wide enough range of realistic
time-temperature regimes for testing. We chose to simulate
a product warming up during processing or delivery, con-
ditions commonly encountered in the meat industry. Kout-
soumanis et al. (7) also used this time-temperature regime
for testing his predictive model. Other regimes tested in-
clude single upshifts in temperature (20), a decrease in tem-
perature followed by a steady increase (2), periodic fluc-
tuations in temperature (2, 3, 6, 7), and a steady decrease
in temperature (2). A wider range of time-temperature re-
gimes should be used in further testing of THERM.

The specific experiment had a highly significant effect
on the accuracy of THERM predictions (p � 2.2 
 10�16).
Additionally, the product ·pathogen interaction had a highly
significant effect on predictive accuracy (p � 1.7 
 10�10),
meaning that the accuracy of predicting a pathogen’s be-
havior during temperature abuse was product dependent.

Each THERM version was very good at making qual-
itative (growth versus no growth) predictions. Statistically
speaking, no mathematical method was better than another
method (P � 0.94). Accuracy rates ranged from 80.0%
(version DB) to 87.2% (version AC). Quantitatively, the
methods varied in accuracy (i.e., ability to predict pathogen
growth within �0.3 log CFU) from 50.0% (version DB) to
67.2% (version CC) (see Table 7). There was no significant
difference between the THERM versions in terms of the
proportion of quantitative predictions that were FD (P �
0.96). The relative proportion of FS and FD predictions,
roughly 2:1, suggests that there was a conservative predic-
tion bias across the various THERM versions.

Of all the mathematical methods, linear interpolation,
linear regression, and quadratic equation were significantly
better at predicting LPD than was the exponential decay
curve method (P � 0.05). Similarly, THERM versions us-
ing linear interpolation and linear regression methods were
significantly better at predicting GR than was the quadratic
equation (P � 0.01).

THERM versions using only linear interpolation and
piecewise linear regression (versions AA, AC, CA, and CC)
produced accurate qualitative results in 82.9 to 87.2% of
predictions. FS results were obtained from 7.1 to 12.8% of
predictions, and FD results were obtained from 4.3 to 5.7%
of predictions.

THERM versions utilizing only linear interpolation or
piecewise linear regression (versions AA, AC, CA, and CC)
to quantitatively determine pathogen growth produced ac-
curate or FS results in 85.8 to 88.6% of predictions (see
Table 7). THERM versions using only linear interpolation
or regression for both LPD and GR determinations (ver-
sions AA and CC) produced FD quantitative results in 12.8
and 11.4% of predictions, respectively. The quantitative FS
predictions made by THERM versions AA and CC were
0.4 to 1.5 and 0.4 to 1.7 log CFU higher than observed
values, respectively. FD quantitative predictions were 0.4
to 1.3 log CFU lower than observed values for both ver-
sions. THERM version CC had a 67.2% accuracy rate for
quantitative growth predictions, the highest value for all 12
versions. Because linear regression and linear interpolation
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TABLE 7. Qualitative and quantitative accuracy of THERM versionsa

THERM
version

Qualitative

% accurate %FS %FD

Quantitative

% accurate %FS % accurate 	 FS %FD

AA 87.1 8.6 4.3 64.3 22.9 87.2 12.8
AB 84.3 10.0 5.7 58.6 30.0 88.6 11.4
AC 87.2 7.1 5.7 64.3 24.3 88.6 11.4
BA 84.3 7.1 8.6 60.0 24.3 84.3 15.7
BB 84.3 7.1 8.6 52.9 31.4 84.3 15.7
BC 84.3 7.1 8.6 57.2 27.1 84.3 15.7
CA 82.9 12.8 4.3 62.9 22.9 85.8 14.2
CB 85.7 8.6 5.7 58.6 28.6 87.2 12.8
CC 87.1 8.6 4.3 67.2 21.4 88.6 11.4
DA 81.4 14.3 4.3 58.6 27.1 85.7 14.3
DB 80.0 14.3 5.7 50.0 37.1 87.1 12.9
DC 81.4 14.3 4.3 58.6 28.6 87.2 12.8

a FS, fail-safe; FD, fail-dangerous.

were statistically equal at both qualitative and quantitative
predictions and because of concerns of overfitting of data
when using linear interpolation, we recommend the use of
piecewise linear regression (THERM version CC) for de-
termining both qualitative and quantitative results.

When evaluating the quantitative accuracy of THERM,
researchers must consider that the THERM tool does not
account for a maximum population density. As a result,
under conditions of severe temperature abuse THERM is
likely to predict unrealistically high levels of growth.
Therefore, care must be taken when evaluating THERM’s
quantitative accuracy for situations involving severe tem-
perature abuse. However, this theoretical shortcoming in
THERM is not critical in the applications for which
THERM is intended. For example, it is not important
whether THERM predicts 7 or 9 log CFU of S. aureus
growth, because either level of growth is strong evidence
that a meat product is unsafe to eat.

The USDA currently will not accept predictions from
computer-based models as the only supporting information
for establishing a critical limit or planning a corrective ac-
tion in the HACCP system (17). As a result, processors
must obtain other information, such as levels of indicator
bacteria during the actual process or a process simulation,
to fully support critical limit and corrective action decision
making. Ideally, THERM would be part of a comprehensive
assessment of the risk of pathogen growth in raw meats,
involving estimates of the probability of a targeted hazard,
i.e., pathogen growth, and an assessment of the severity of
the hazard when it does occur. In processing of raw meat,
the risk of pathogen growth is dependent on the time-tem-
perature history of the product and on the likelihood of the
pathogen being present. USDA policy has apparently been
based on the assumption that pathogenic bacteria are pres-
ent in raw meats and poultry. This assumption underlies the
safe-handling label mandated for all packages of inspected
raw product and the mandatory HACCP plan reassessments
for processors of raw beef product in 2002 (15) and 2007
(18). Current USDA performance standards for cooking of
meat and poultry products are based on the assumption that

very high levels of salmonellae are present (14). However,
it could be argued that aside from the case of raw products
recontaminating ready-to-eat products, there is very little
risk of illness resulting from pathogen growth in raw meats
as long as the raw product is later sufficiently cooked.
Based on this argument, one could specify a higher thresh-
old level for growth versus no growth in THERM than the
0.3-log increase used in the present study. However, pro-
cessors cannot rely on purchasers of raw meat and poultry
products to properly handle and cook these products; it is
likely that some unknown proportion of purchasers will
mishandle or undercook raw meat or poultry.

The THERM tool can be used to evaluate time-tem-
perature history and provide either a binary (growth versus
no growth) prediction or a quantitative (� log CFU) pre-
diction of pathogen growth in the product. In the future,
more useful estimates may be obtained with tools that fore-
cast the probability of pathogen growth occurring, e.g.,
90%, based on the particular time-temperature history of
the raw meat product. In summary, THERM is an important
research-based tool for use in safety systems for raw meat
and poultry. The results of the present study indicate that
the use of piecewise linear regression (THERM version
CC) to calculate LPD and GR values will lead to the best
qualitative and quantitative results.
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