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Facilitated Discussion

A Moderator
A Marcel Zwietering
A Wageningen University
A marcel.zwietering@wur.nl

A Questions should be submitted via the Text
Chat section at the bottom of the screen.
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Contact information for presenters

A Lihan Huang, Ph.DCFS

A USDA Agricultural Resear&ervice
A llhan.huang@ars.usda.gov
A Antonio Valero, PhD

A University of Cordoba$PAIN)
A avalero@uco.es

A At the end: Keep your browsers open to
complete the survey




Dr. Lihan Huang

Research Leader of the Residue
Chemistry and Predictive
Microbiology Research Unit at the
Eastern Regional Research
Center (ERRC) of the USDA.

Dr. Huang has earned a Ph.D. Dregree in Food
Science and Technology and is currently the
Research Leader of the Residue Chemistry and
Predictive Microbiology Research Unit at ERRC.

Prior to joining ERRC, Dr. Huang worked in the
Research and Development Department of
Campbell Soup Company and conducted research
on thermal processing of low-acid foods in semi-
rigid containers and aseptic processing of foods
containing solid particulate.

He is the developer of the USDA Integrated
Pathogen Modeling Program (IPMP-2013) and a
new product called IPMP-Global Fit. He also
serves as a Lead Scientist of a project.

Dr. Huang is a member of the International
Association for Food Protection



USDA IntegrateBathogen Modeling’rogram

A platform foreasy and accurate data analysis In
predictive modeling

Lihan Huang, Ph.D.
Research Leader
Residue Chemistry and Predictive Microbiology Research Unit
Eastern Regional Research Center
USDA Agricultural Research Service
Wyndmoor, PA



USDA Integrated Pathogen
Modeling Program (IPMP)

What is it? Google it.

Jan 12, 2017 - The USDA Integrated Pathogen Modeling Program (IPMP 2013). INTRODUCTION
What is IPMP 20137 IPMP 2013 is a new generation

A suite of data analysis tools that contains 20+ most frequently
used models

A Intelligent, interactive data analysis and model development
A Very easyto-use graphicaliser interfaces to guide every step

A Standardized data analysis and interpretation



Website to download

A IPMP is located in a secured USDA website

A https://www.ars.usda.gov/northeastirea/wyndmoorpa/easternregionat
researchcenter/docs/ipmp2013/

A A tutorial
A Download Instructions

A Compiled software (zipped file)
I Windows 32 or 64 bit, Vista to Windows 10



Primary and secondary models

A Primary model (time)
I Isothermal curves (growth and survival)
I Growth rate and lag time
I D value

A Secondary model (temperature)
I Effect of temperature on growth rate and lag time
I Effect of temperature on D values (z value)



Predictive Microbiology as An Inverse Problem

Ay =f(x, a, b)

A x is the independent variable

Ay is the dependent variable

A a and b are coefficients

A We know x and y, but do not know a and b

A We will find a way to identify a and b from x
and y

A This is an inverse problem




Predictive Microbiology as A Forward Problem

Ay =f(x, a, b)

A x is the independent variable

Ay is the dependent variable

A a and b are coefficients

A We knowaandb

A We want to know how y changes with x
A This isa forward problem




The Traditional Approach:
a 3-step process

Step 1¢ Primary model Step 2¢ Secondary model
Data collection Data analysis

gm— — mm— —

Isothermal 1
Isothermal 2
Isothermal 3

— — .y ) Q0O —

Isothermali

3 333

Isothermal n
— — Inverse problem “—

Step 3- Predictions

Predictions w Qo

Forward problem



Primary Models for Growth

Isothermal growth curves

A Gompertzmodel
A Baranyi model
A Huang model

Bacterial counts

A

Maximum cell density
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Lag time

A Buchanan dhase(trilinear) model

time

We are interested in answering 3 guestions from a

growth curve

1. How long is the lag phase?
2. How fast can a microorganism grow?
3. What is the maximum cell density?



Primary Models for Survival (Inactivation)

>

A Linear model
A Weibull model
A Gompertzmodel

Bacterial counts

time

We are interested imnswering 1 question frora
survivalcurve

How fast does a microorganism die off?



Secondary Models

A What is the relationship between rate and
temperature?

A What are the minimum, optimum, and
maximum growth temperatures?



Techniqgues for Data Analysis

A Linear regression
A Nonlinear regression
A Typical inverse problems



Commercial and Free Data Analysis

and Statistical/Math Tools

§sas

IBM Software : Business Analytics > SPSS

SPSS software

Predictive analytics software and solutions

jﬁ’p Statistical Discovery From SAS.
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MATLAB

The Language of Technical Computing


http://www.r-project.org/misc/acpclust.R

Commercial Data Analysis and
Statistical/Math Tools

A Very powerful

A Productspecific programming
A Not so useifriendly

A Training and learning

A Most are very expensive

A Difficult to learn and use



Some mysteries of predictive modeling

AMath is too hard
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Mathematical anxiety




Specific to Nonlinear Regression

A Initial guess values

A Improper initial guess values may not help in
finding solutions (convergence)

A Graphical visualization helps finding suitable
Initial guess values



USDA IPMP

A Based on a modern objectriented computing
language

A Advanced scientific computing libraries

A Modern graphicalser interface

A 20+ mathematical models

A Accuracy identical or equivalent to SAS and R



IPMPUserInterface

Exit Menu bar Tool bar

About IPMP -
USDA Integrated Predictive Mo-zing Program Tools

Data Window # X Plot Window
Help

Data Input Data Output Chart title

¥-data y-data %-dlata y-data  *| e time (i) yAite:  Ln chug

1

Plot window

Data entry and output
3

Data window

Model window

| Submit raw data Clear data

Model Window

Reduced Growth Models Ipdate plot tittes Save plot Print plot

o Lag Phase

Report Window
Results of Data Analysis

USDA Integrated Predictive Modeling Program Tools

Developed by Dr, Lihan Huang, USDA Agricultural Research Service

Report window

Save report Print report
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Data Input

Finetuning capabllity

§ X Plot Window

Data Output Chart title

x-data y-data

- x-data ydata  t e time () y-fitle:  Ln cfufg

Pop up Windoxlv Click to adjust the spin box

.| Set initial values \LM
mu_max /

2.50000 =

| J\ ' Raw data

Submit Model \Y\ Pre||m|nary curve

Submit raw data

Slide to adjust parameter

Clear data

ndel VWindow

| Reduced Growth Models
@ MNoLag Phase
Reduced Huang Madel
Reduced Baranyi Model

Survival Models
Linear Mode!
Gompertz Model
Weibull Model

2 3 4 5 (i}
time (hr)

Full Growth Models Update plot titles Save plot

Huang Model

Print plot

Repart Window
Baranyi Model

Results of Data Analysis
Gompertz Model

Secondary models - Temperature effect
Ratkowsky model

Huang rate model

Cardinal model

Arrhenius-type model

Save report Printreport % 11 of 24 - Clipboard
Item not Collected: Delet




IPMP 2013 Data Analysis

ISDA Integrated Predictive Modeling Pregram Tools

& X Plot Window

Data Output Chart title

¥-data y-data ¥-data x-tite:  time (hr)

Finetuned parameter
10 T T r

y-tite:  Ln cfufg

5| Set initial values M

mu_max

1,00600

1

Submit Model

Finetuned curve

Submit raw data Clear data

4 5
| Window time (hr)

Reduced Growth Models Full Growth Models Update plot titles Save plot

Print plot
Mo Lag Phase Huang Model
Report Window

Reduced Huang Model Baranyi Model
; Results of Data Analysis
Reduced Baranyi Model Gompertz Model

B

Survival Models Secondary models - Temperature effect

Linear Model Ratkowsky model
Gompertz Model Huang rate model

Weibull Model Cardinal model

Arrhenius-type model

Sawe report

Print report [k 12 of 24 - Clipboard



Report Generation

Report of Data Analysis - Mo Lag Phase Growth Model
Data regression successful

degree of freedom 7 Sum of squared errors

SSE 0.216
™ MSE n.031 <« Mean squared errors

RMSE 0.17% <«<——
A @ tdey 0147 Root mean squared errors

AIC (the smaller the better) 22361 < Akaikecriterion
critical tvalue  2.36462 Lower and upper 9?/0 C%lfldenCe intervals

Error analysi

\ Parameters Yalue Std-Error t-value p-value L95CI 1J95CI
¥l 2.901 0.123 23.671 &.102E-08 2.611 3.191

Yiax 10..295 0.1560 04,518 3.640E-11 9.917 10.672

mumax 1.064 0.038 28,062 1.875E-08 0.975 1.154

Predicted value

Raw data data output report N\

X ¥ Pred L95MCI L95MCI L95PCI U95PCI
0,00 3,00 2,90 2.61 3.19 2,39 3.1
1.00 4.00 3.96 3.74 4,19 3.99 4,44
2.00 5.00 5.03 4.85 5.20 4,57 I
3,00 5,00 6.03 5.91 5.25 5.63 5.53
4.00 7.00 712 6.92 731 6.66 57
5.00 3.00 3.10 7.88 8.33 163 3.58
5,00 .00 3.93 3.76 9.19 3.51 9,944
.00 10.00 9.63 9.44 9.52 9.17 10.09
3,00 10.00 10.01 .77 10,25 9.53 10,49
9.00 10.00 10.19 9.83 10.50 9.67 10.71

Lower and upper 95% confidence intervals for the expected value (mean)

Lower and upper 95% confidence intervals for individual prediction




Exponential growth and stationary phas
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Cronobacter sakazakn reconstituted infant formula



Lag phase and exponential growtr
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¢ raw data Huang = -Baranyi
Listeria monocytogendan beef frankfurters



Lag phase, exponential growth, and stationary ph
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bacterialcoutns, logcfu/g

Survival curves
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Squgare root oim, ., (IT/?)

Temperature effect Squareroot Models

1.40
1.20
1.00
0.80
0.60
0.40

0.20

0.00
0 5 10 15 20 25 30 35 40 45 50 55
T (C)
¢ raw data Ratkowsky ==Huang

Cronobacter sakazakn reconstituted infant formula



Cardinal model/Arrhenius/pe model
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Performance of IPMP

Comparison with Standard Statistical Packages




Comparison with Standard Statistical Package

Huang Model

Results from R

Results from TPMP-2013

Parameters

Estimate

Std. Em.

t-value

Pr(=1t))

Estimate

Std. Em.

tvalue

Pr(=[t])

L95CI

Yo 8.93
19.57
0.518

247

Yo
Hmax
I

0.220
0.296
0.028

0.685

40.35
66.03
18.74

3.61

249E-13
1.19E-15
1.08E-09

4 08E-03

8.93
19.57
0518

247

0.220
0.296
0.028

0.685

40.55
66.03
18.74

3.61

249E-13
1.19E-15
1.08E-09

4.08E-03

845
18.92
0457
0.966

Baranyi-Model

Resultsfrom R

Results-from TPMP-2013

Parameters

Estimate

Std. Emr,

t-value

Pr(=It)

Estimate

Std. Err.

tvalue

Przit)

§.82
19.54
0.543
1.58

0.245
0.298
0.037
0.614

35.98
63.33
14.75
2.57

9.21E-13
1.30E-15
1.36E-08
261E-02

§.82
19.54
0.543
1.58

0.245
0.298
0.037
0.614

35.98
63.33
14.75
257

9.21E-13
1.30E-15
1.36E-08
2.61E-02

Re-parametenized Gompertz-Model

Results-from R

Results-from TPMP-2013

Parameters | Estimate

Std. Emr.

t-value

PH)

Estimate

Std. Emr.

tvalue

PCl)

L95CIT

Yo 8.77
2031
0.614
3.50

Yo
Hmax
1.

0.404
0.617
0.061
1.342

21.72
32.93
10.03
262

2.21E-10
24E-12
T.18E-07
245E-02

8.71
2031
0.614
3.50

0.404
0.617
0.061
1342

21.72
32.93
10.03
262

2.21E-10
242E-12
T.18E-07
245E-02

7.68

18.95
0479
0.342




IPMP for Data Analysis

A Simple data entry
A Choose models that suit your data

A Use graphical interfaces to adjust parameters for
faster (almost guaranteed) convergence

A All data analysis and calculation are done behind
the scene

A Fast and accurate
A Compare different models for the same set of dat

A IPMP has significantly lowered the bar for those
who want to work on predictive modeling



Thank you!

Lihan.Huang@ars.usda.gov






