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““Caloric Intake” and DiseaseCaloric Intake” and Disease
Humans:  Humans:  
Increased BMI associated with Increased BMI associated with 
increased risk of neoplasia, type II increased risk of neoplasia, type II 
diabetes, cardiodiabetes, cardio-- and and cerebrocerebro--vascular vascular 
disease …disease …

Laboratory Rodents:  Laboratory Rodents:  
Low calorie diets increase longevity Low calorie diets increase longevity 
and delay morbidityand delay morbidity



Overall Relative Cancer Risk (BMI >40 vs 18.5 to 24.9):
M:  1.52 (1.13 – 2.05):  F: 1.62 (1.40 – 1.87)

Increased risk of colorectal, pancreatic, liver, esophagus, 
kidney, multiple myeloma, non-Hodgkin’s lymphoma, 
gallbladder, prostate, breast, cervical, ovarian, uterine

“Current patterns of overweight and obesity in the United States 
could account for 14% of all deaths from cancer in men and 20% 
of those in women”

American Cancer Society Study
900,000 adults 

Calle et al., NEJM, 348:1625-1638, 2003



BMI of 26 vs 21
Coronary Heart Disease: 2x increase 
Hypertension: 2-3x increase
Cholelithiasis: 2-3x increase
Type II Diabetes: 8x increase

Weight Change of 15 kg
Coronary Heart Disease: 2x increase 
Hypertension: 2-3x increase
Cholelithiasis: 2-3x increase
Type II Diabetes: 6x increase

Guidelines for Healthy Weight
Nurses’ Health Study:  Willett et al., NEJM, 341:427-434, 1999



Dietary Restriction (DR)Dietary Restriction (DR)

DR is an experimental paradigm in DR is an experimental paradigm in 
which the dietary/caloric intake of a which the dietary/caloric intake of a 

group of animals is reduced relative to group of animals is reduced relative to 
that eaten by that eaten by ad libitumad libitum fed controlsfed controls



Cellulose in diet extends longevity (McKay, 1934)
Stair-step restriction extends longevity (McKay, 1935, 1939)
Refed animals retain benefits DR (McKay, 1941)
DR modulates pathology (Saxton, 1941)
DR modulates leukemia (Saxton, 1944)
Intermittent fasting is protective (Carlson, 1946)
DR slows the mortality rate doubling time (Ross, 1959) 
DR is robust across diets (Ross, 1965)
20%/40% differ in longevity, physiology (Nolen, 1972)

A Brief History of DR -- Phenomenology



DR works in barrier colonies (Weisbroth, 1972)

DR works both early and late in lifespan

Calories are a key determinant (Ross, 1972)

DR works better than protein restriction or source

DR works better than fat/mineral restriction (Iwasaki, 1988)

DR works in germ free animals (Snyder, 1989)

Methionine restriction is very effective (Orentreich, 1993)

DR works in Dwarf Mice (Bartke, 2001)

A Brief History of DR -- Phenomenology



Dietary restriction is the most potent, Dietary restriction is the most potent, 
most robust, and most reproducible most robust, and most reproducible 
known means of reducing morbidity known means of reducing morbidity 

and mortality in mammalsand mortality in mammals



Survival Data, 1987 Cohort, Casein DietSurvival Data, 1987 Cohort, Casein Diet
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High ThroughputHigh Throughput
and/or Data Density Studiesand/or Data Density Studies

•• Genomics/SNPsGenomics/SNPs
•• mRNA expression arraysmRNA expression arrays
•• ProteomicsProteomics
•• Small metabolitesSmall metabolites



Multivariate ApproachesMultivariate Approaches

•• High density data collectionHigh density data collection

•• Bioinformatics/Data miningBioinformatics/Data mining



(General) Hypothesis (General) Hypothesis 

Data Driven AnalysisData Driven Analysis
(Discovery(Discovery--Based Analysis)Based Analysis)



Hypothesis:Hypothesis:

LongLong--term, lowterm, low--calorie diets induce calorie diets induce 
changes in metabolism that persist changes in metabolism that persist 

throughout the lifespanthroughout the lifespan



PredictionsPredictions
•• DR alters the sera “metabolome”DR alters the sera “metabolome”

•• There exists a “DR Serotype”There exists a “DR Serotype”



GoalsGoals

1)1) Insights into the mechanism of DRInsights into the mechanism of DR
2)2) Recognize DR in other organisms Recognize DR in other organisms 

(e.g., non(e.g., non--human primates)human primates)

3)  3)  Biochemically determine the effective, Biochemically determine the effective, 
longlong--term caloric intake of an individualterm caloric intake of an individual

(e.g., for epidemiological studies)(e.g., for epidemiological studies)

4)   4)   Identify predictive markers of diseaseIdentify predictive markers of disease



Model:  Model:  F344 x BN FF344 x BN F1 1 RatRat

Overall Design:Overall Design:
AL/DR, male/female, 5 different agesAL/DR, male/female, 5 different ages
Different extents and duration of diets Different extents and duration of diets 
Total experiment ~36 groups, 82 cohorts.Total experiment ~36 groups, 82 cohorts.

Experimental DesignExperimental Design
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HPLC separations with coulometric array detectionHPLC separations with coulometric array detection

Multilayer statistical and data analysisMultilayer statistical and data analysis

Analytical ApproachAnalytical Approach

DATA QUALITY DATA QUALITY 
NOT QUANTITYNOT QUANTITY



Analytical StabilityAnalytical Stability

Biologic VariabilityBiologic Variability



Analytical Stability/Biological Variability Analytical Stability/Biological Variability 
FemalesFemales----Cohort A + BCohort A + B
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Biologic VariabilityBiologic Variability
Females, channel 9, A+B CohortsFemales, channel 9, A+B Cohorts
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Biologic VariabilityBiologic Variability
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Gender and Cohort Gender and Cohort 
SpecificitySpecificity
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Stretching algorithm helps keep chromatography Stretching algorithm helps keep chromatography 
“stable” over time“stable” over time

290/325 peaks are analytically valid 290/325 peaks are analytically valid 
(2 different automated methods)(2 different automated methods)

~240/290 peaks are biologically valid (F/M)~240/290 peaks are biologically valid (F/M)

>400 peaks biologically/analytically valid overall>400 peaks biologically/analytically valid overall

Analytical IssuesAnalytical Issues



Do AL and DR Sera Do AL and DR Sera 
Differ?Differ?
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AL vs DR AL vs DR 
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Do AL and DR Sera Do AL and DR Sera 
Differ?Differ?
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Data AnalysisData Analysis
•• tt--TestTest
•• MultiMulti--/Mega/Mega--variatevariate analysisanalysis

––HCAHCA
––PCAPCA

•• Pattern recognitionPattern recognition



Primary Data AnalysisPrimary Data Analysis

•• Multivariate analyses are relatively noiseMultivariate analyses are relatively noise--resistantresistant
•• Minimize loss of informative metabolitesMinimize loss of informative metabolites

•• Reduce false negatives (Type II errors)Reduce false negatives (Type II errors)
•• Increase false positives (Type I errors)Increase false positives (Type I errors)



Primary Data AnalysisPrimary Data Analysis
“Cut” by t“Cut” by t--test at p<0.2test at p<0.2

•• Weak CriteriaWeak Criteria
–– Type II errors now mostly analytical errorsType II errors now mostly analytical errors

•• ~~100/100/~~300 peaks statistically differ300 peaks statistically differ
•• ~~60 may be Type I errors (Bonferroni)60 may be Type I errors (Bonferroni)
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Profiles out-perform 
single markers

we hope…



How do we build 
robust profiles?



Does Serotype Encode Does Serotype Encode 
Sufficient Information to Sufficient Information to 

Identify Diet Group?Identify Diet Group?

Proof of PrincipleProof of Principle



Classification AnalysisClassification Analysis

•• Hierarchical Cluster Analysis (HCA)Hierarchical Cluster Analysis (HCA)
–– Identifies natural groups in dataIdentifies natural groups in data

•• Principal Component Analysis (PCA)Principal Component Analysis (PCA)
–– Finds linear combinations of original variables Finds linear combinations of original variables 

that account for maximal variationthat account for maximal variation

•• Pattern Recognition Pattern Recognition 
–– Develop algorithms that do classification Develop algorithms that do classification 

without interventionwithout intervention
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63 variables (confirmed), Non63 variables (confirmed), Non--independent samplesindependent samples
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Does Serotype Encode Does Serotype Encode 
Sufficient Information to Sufficient Information to 

Identify Diet Group?Identify Diet Group?

Primary Validation StudiesPrimary Validation Studies
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Factor1

Factor3

Factor2

DR

63 variables (confirmed), independent female Cohort #263 variables (confirmed), independent female Cohort #2

PCA Distinguishes AL and DR Female RatsPCA Distinguishes AL and DR Female Rats

AL



Dataset Reduction:Dataset Reduction:
““RecutRecut” by t” by t--test at p<0.2test at p<0.2

Confirm HCA and PCA separationsConfirm HCA and PCA separations

Validate in Cohort 3Validate in Cohort 3
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Larger profiles are more robust



Larger profiles are more robust.

Or

Larger profiles are more robust! 

Or

Larger profiles are more robust? 



““Expert Systems/Supervised Expert Systems/Supervised 
Analysis”Analysis”

KNN KNN 
–– kk--nearest neighbor analysisnearest neighbor analysis
–– Supervised HCA (HCA is KNN with K=1)Supervised HCA (HCA is KNN with K=1)
–– DistanceDistance--based metricbased metric
–– Strength is with small (training) datasetsStrength is with small (training) datasets

SIMCA SIMCA 
–– Soft Independent Modeling of Class AnalogySoft Independent Modeling of Class Analogy
–– Supervised PCASupervised PCA
–– ComponentComponent--based metricbased metric
–– Strength is modeling flexibility (eg, groupStrength is modeling flexibility (eg, group--specific interactions)specific interactions)



KNN, MalesKNN, Males
Training SetsTraining Sets
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Training SetTraining Set Test SetTest Set AccuracyAccuracy

Cohort ACohort A 85%85%
Cohort BCohort B 92%92%

Cohorts A+BCohorts A+B 92%92%
Mix 1Mix 1 75%75%
Mix 2Mix 2 85%85%

Cohort ACohort A Cohort BCohort B 58%58%
Cohort BCohort B Cohort ACohort A 62%62%

Mix 1Mix 1 Mix 2Mix 2 83%83%
Mix 2Mix 2 Mix 1Mix 1 92%92%

KNN, MALESKNN, MALES



Training SetTraining Set Test SetTest Set AccuracyAccuracy

Cohort ACohort A Cohort ACohort A 100%100%
Cohort ACohort A Cohort ACohort A 100%100%
Cohort BCohort B Cohort BCohort B 100%100%
Cohort BCohort B Cohort BCohort B 100%100%
Cohort CCohort C Cohort CCohort C 100%100%
Cohort CCohort C Cohort CCohort C 100%100%

Mix 1Mix 1 Mix 1Mix 1 100%100%
Mix 2Mix 2 Mix 2Mix 2 100%100%

SIMCA, FemalesSIMCA, Females



Training SetTraining Set Test SetTest Set AccuracyAccuracy

Cohort ACohort A Cohort BCohort B 94%94%
Cohort ACohort A Cohort CCohort C 94%94%
Cohort BCohort B Cohort ACohort A 45%45%
Cohort BCohort B Cohort CCohort C 0%0%
Cohort CCohort C Cohort ACohort A 0%0%
Cohort CCohort C Cohort BCohort B 13%13%

Mix 1Mix 1 Mix 2Mix 2 86%86%
Mix 2Mix 2 Mix 1Mix 1 100%100%

SIMCA, FemalesSIMCA, Females



CrossCross--Gender StudyGender Study
•• Combine DatasetsCombine Datasets

–– Do we have good coverage of the Do we have good coverage of the 
metabolome?metabolome?
•• SolubilitySolubility
•• Quantitation (Dynamic Range)Quantitation (Dynamic Range)

–– Are the metabolites identical?Are the metabolites identical?
–– Are the profiles identicalAre the profiles identical
–– Are our informatics appropriate?Are our informatics appropriate?
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(b) Pareto scaling (males)Scaling FailsScaling Fails
To solve theTo solve the
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Transforming Transforming 
fails to solve fails to solve 
the problemthe problem
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(c) winsorize (3SD)
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(f) log + win (2SD)
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(e) winsorize (2SD)
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Data handling does not solve Data handling does not solve 
cohort separation problems:cohort separation problems:

Switch from descriptive to Switch from descriptive to 
discriminant techniques:discriminant techniques:

Move to PLSMove to PLS--DADA



CrossCross--Gender StudyGender Study
•• Combine DatasetsCombine Datasets

–– Do we have good coverage of the Do we have good coverage of the 
metabolome?  metabolome?  YesYes
•• SolubilitySolubility
•• Quantitation (Dynamic Range)Quantitation (Dynamic Range)

–– Are the metabolites identical? Are the metabolites identical? –– 27%27%
–– Are the profiles identical Are the profiles identical –– NoNo
–– Are our informatics appropriate? Are our informatics appropriate? CloseClose



(a) no scaling (females)

0.0 0.2 0.4 0.6 0.8 1.0

none

log

winsorize (2SD)

winsorize (3SD)

log + win (2SD)

log + win (3SD)

(e) UV scaling (females)

0.0 0.2 0.4 0.6 0.8 1.0

none

log

winsorize (2SD)

winsorize (3SD)

log + win (2SD)

log + win (3SD)

(c) Pareto scaling (females)

0.0 0.2 0.4 0.6 0.8 1.0

none

log

winsorize (2SD)

winsorize (3SD)

log + win (2SD)

log + win (3SD)

(b) no scaling (males)

0.0 0.2 0.4 0.6 0.8 1.0

none

log

winsorize (2SD)

winsorize (3SD)

log + win (2SD)

log + win (3SD)

(f) UV scaling (males)

0.0 0.2 0.4 0.6 0.8 1.0

none

log

winsorize (2SD)

winsorize (3SD)

log + win (2SD)

log + win (3SD)

(d) Pareto scaling (males)

0.0 0.2 0.4 0.6 0.8 1.0

none

log

winsorize (2SD)

winsorize (3SD)

log + win (2SD)

log + win (3SD)

R2X
R2Y
Q2

(cum)

PLS-DA

Empirically Empirically 
determine determine 

valid valid 
parametersparameters



PLSPLS--DA of Female samples (93 metabolites)  DA of Female samples (93 metabolites)  
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PLSPLS--DA score plot of first twoDA score plot of first two
components using 93 metabolitescomponents using 93 metabolites

--66
--44
--22
00
22
44
66
88

--1122 --1100 --88 --66 --44 --22 00 22 44 66 88 1100 1122

t[2
]

t[2
]

t[1]t[1]

ALAL
DRDR



--00..33 --00..22 --00..11 00..00 00..11 00..22 00..33 00..44 00..55 00..66 00..77 00..88 00..99 11..00 11..11

Observed values vs. Predicted valuesObserved values vs. Predicted values
ALAL
DRDR

A
ct

ua
l A

L 
pr

ob
ab

ili
ty

A
ct

ua
l A

L 
pr

ob
ab

ili
ty

00..0000

00..2200

00..4400

00..6600

00..8800

11..0000

Predicted AL probabilityPredicted AL probability



00..0000

00..1100

00..2200

00..3300

00..4400

00..5500

00..6600

00..7700

00..8800

00..9900

11..0000

C
om

p[
1]

C
om

p[
1]

C
om

p[
2]

C
om

p[
2]

C
om

p[
3]

C
om

p[
3]

C
om

p[
4]

C
om

p[
4]

PLSPLS--DA of Male samples using 93 metabolites  DA of Male samples using 93 metabolites  

RR22Y(cum)Y(cum)
QQ22(cum)(cum)



--00..4400

--00..2200

00..0000

00..2200

00..4400

00..6600

00..8800

11..0000

00..0000 00..1100 00..2200 00..3300 00..4400 00..5500 00..6600 00..7700 00..8800 00..9900 11..0000

PLSPLS--DA validate plot (after 100 permutations) DA validate plot (after 100 permutations) 

Intercepts: RIntercepts: R22=(0.0, 0.747), Q=(0.0, 0.747), Q22=(0.0, =(0.0, --0.315)0.315)

RR22YY
QQ22YY



--55

00

55

--77 --66 --55 --44 --33 --22 --11 00 11 22 33 44 55 66 77

t[2
]

t[2
]

t[1]t[1]

PLSPLS--DA score plot of first twoDA score plot of first two
components using 93 metabolitescomponents using 93 metabolites

ALAL
DRDR



00..0000

00..2200

00..4400

00..6600

00..8800

11..0000

--00..22 --00..11 00..00 00..11 00..22 00..33 00..44 00..55 00..66 00..77 00..88 00..99 11..00 11..11 11..22

A
ct

ua
l A

L 
pr

ob
ab

ili
ty

A
ct

ua
l A

L 
pr

ob
ab

ili
ty

Predicted AL probabilityPredicted AL probability

Observed Values vs. Predicted ValuesObserved Values vs. Predicted Values
ALAL
DRDR



Moving ForwardMoving Forward
•• Increase samplesIncrease samples

•• CrossCross--species analysesspecies analyses

•• Increase # of variables measuredIncrease # of variables measured

•• Marker identification/mechanism studiesMarker identification/mechanism studies

•• ModelingModeling



These slides removed to avoid 
publication problems, please 
contact me at bkristal@burke.org
if you have questions or wish to 
discuss this data



Analytical Analytical 
ShiftsShifts
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Missing DataMissing Data
Danger:  

Preliminary Analysis Only!



SummarySummary
Created and validated a working model of the Created and validated a working model of the 

DR serotype in both male and female ratsDR serotype in both male and female rats
Can identify group of origin Can identify group of origin 

100% training;  85100% training;  85--95% test;  8995% test;  89--94% with expert systems;94% with expert systems;
>97% with optimized projection techniques (PLS>97% with optimized projection techniques (PLS--DA)DA)

Explains the majority of variation in the metabolitesExplains the majority of variation in the metabolites
Markers range in concentration by 33,000Markers range in concentration by 33,000--foldfold
Wide hydrophilicity rangeWide hydrophilicity range

Reduces dimensionality of the problemReduces dimensionality of the problem
Identify critical markersIdentify critical markers

Clarified computational approachClarified computational approach
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