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A Brief History of Esophageal Cancer and Cancer Chemoprevention


Esophageal cancer is an extremely deadly cancer in humans.  The five-year survival rate for patients diagnosed with it is under ten percent.  Approximately 12,000 new cases are diagnosed each year with tens of thousands more worldwide.  Some of the causes of esophageal cancer include tobacco usage, consumption of alcoholic beverages, consumption of contaminated food and beverages, and ingestion of salt-cured, salt-pickled, and moldy food.  The predominant form of esophageal cancer worldwide is Squamous Cell Carcinoma (SCC), which occurs as high as 140/100000 in parts of China.


Cancer chemoprevention is the prevention of cancer by the administration of one or more chemical entities, either as individual drugs or as naturally occurring constituents of the diet.  Chemoprevention is a new field, having only received growing consideration as a means of cancer control in the past decade.  The traditional thought followed almost universally prior to about fifteen years ago is that chemicals cause cancer and hence one should not fight cancer with other chemicals.  Those who work in chemoprevention have had to fight hard to get funding against those who believe in the traditional thought.

My History Working With This Data


This past summer, I participated in a Research Experience for Undergraduates program in Biostatistics at Ohio State University.  As a result of my participation in this program, I was provided with the opportunity to analyze the data from cancer chemoprevention studies of esophageal cancer performed by the laboratories of Dr. Gary D. Stoner of the Ohio State University School of Public Health. 


Dr. Stoner has been using the Fischer 344 rat model of nitrosamine-induced tumorigenesis for the past decade.  In other words, rats are given an agent in their diets that cause esophageal tumors to grow.  In addition, some of these rats are fed a prospective chemopreventive agent.  It is the hypothesis of the Stoner laboratories that the rats given the chemopreventive agent will develop smaller tumors as well as fewer tumors.  In their model, nitrosamine (a carcinogen detected in the diets of high-risk populations) induced tumorigenesis in the rat esophagus mimics human esophageal SCC.


The study of interest in this paper analyzed the potential chemopreventive agent piroxicam, an anti-inflammatory drug.  In this protocol, a portion of the rats are given a carcinogen in their diets for the first five weeks of the study.  Among rats given the carcinogen, a portion were given piroxicam in their diet from week 6 through 24, when the rats are sacrificed.  At the end of 24 weeks, all of the animals are sacrificed and their esophagi are extracted and analyzed for tumors.  In my previous efforts, I showed that piroxicam was ineffective in reducing the multiplicity of tumors per animal as well as tumor size.


But, my previous results, as well as all of the results of all studies performed by the Stoner laboratories are based on one underlying assumption about the tumor growth of these animals.  This assumption is that the dosage of the carcinogen in the study is not too large.  If the dosage is too large, then the tumors have a tendency to grow larger faster and these large tumors constrict the throat of the rat and make eating difficult and painful.  Some earlier studies by the laboratory used larger doses and the eating habits of the animals were effected in that some rats died of starvation before the study was completed.  This renders the study essentially useless and since these studies cost up to $250,000 each, that is an expensive mistake.  For the past five years, nearly every study involves the same dosage as the dosage for the piroxicam study.


The purpose of this analysis is to understand food consumption of these rats to test the assumption that the eating habits of the rats fed the carcinogen was not effected.

Analysis of the Food Consumption Data


The data used in this analysis comes from the 150 rats in the piroxicam study.  Of these rats, group one consists of the food consumption for each week (of the 24-week study) of the 60 rats that did not receive the carcinogen.  Group two consists of the food consumption for each week of the 90 rats which received the carcinogen, and hence formed esophageal tumors.  We compare the average food consumption (in grams per animal per day) of these two groups.  Our null hypothesis is that there is no difference between the average food consumption of groups 1 and 2, and hence the assumptions made by the Stoner laboratories is valid.  Our alternative hypothesis is that the food consumption of group two is negatively effected by the carcinogen, and hence the assumptions are violated.


I shall use as my test statistic the ratio of the average food consumption of group 2 to the average food consumption of group 1 for each of the 24 weeks of the study.  Hence, if this ratio is close to 1 on average, then we do not reject the null hypothesis, while if this ratio is less than 1 on average, then we reject the null hypothesis in favor of the alternative.  We are most interested in what happens at the end of our study (weeks 15-24) where the tumors are growing within the animals.  We are also interested in predicting food consumption just after our study is completed (weeks 25-30), as the laboratory is studying the feasibility of prolonging some studies to 30 weeks (in the cases of less powerful, but potentially useful chemopreventive agents.)
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The first thing we notice in our data is that the graph of ratio of food consumption behaves differently at the first five weeks than it does for the remainder of the study.  This is because in the first five weeks, the animals in group two are actually consuming the carcinogen, and this negatively affects their diet during those weeks.  The ratio is these weeks also could potentially skew the predictions of the ratio lower than they should be.  Hence, I shall remove these five weeks and analyze the food consumption of 

weeks 5-24 (rescaled as weeks 1-19 since the carcinogen dosing ends).  Figure 1 depicts the rescaled graph of these 19 weeks.


Our ratio appears to start out at around 0.9 but increase up towards 1.0 by the end of the study.  At first glance, it does not appear that the ratio is different from 1.0.
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Now, let us “normalize” our data by taking the logarithmic transformation of our ratio.  This centers our values around 0, which is aesthetically pleasing.  Hence, a log of the ratio equaling 0 indicates that we do not reject our null hypothesis while a highly negative ratio indicates that we reject our null hypothesis in favor of the alternative.  Figure 2 depicts the graphs after the logarithmic transformation.


Looking at ACF and the PACF, our data appears stationary in that our PACF appears to cut off after Lag1 while our ACF tails off.  We can ignore the couple of larger values at lag 5 and higher order lags since our data set is so small (19 points), these large lag values are essentially meaningless.


Now, let us fit our linear regression model to the data.  Here, we have a model of the form y = a  + bt + u where u is an AR(1).  Here y is the log of the ratio we created above.  We chose to model u as an AR(1), from which we can obtain the estimate of the coefficients by the PACF of y above, since the PACF appears to cut off after Lag 1 while our ACF tails off.


We now create our model matrix and perform our regression.  Let us check the diagnostics of our regression model in Figure 3.
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Here (18 out of 19) or 95% of our standardized residuals fall within two standard deviations, hence our regression appears to be well behaved.  Our ACF and PACF plots both reveal that our process is stationary.  The p-values of the Ljung-Box Chi-Squared test are all greater than 0.05.  Hence, indeed our regression is well behaved and appears to be an acceptable model.


Now, since our sample size is so small (n=19), in order to get accurate predictions of future weeks, we rely on Bootstrap inference procedures.  Based on the bootstrap procedure (with 25 bootstrap replicates,) we can obtain estimates for the log of the ratio for food consumption for the six weeks following the conclusion of our study.  25 replicates is too few to get precise results in practice but 25 replicates should provide us with an indication of the results.  We also obtain 95% Confidence Interval endpoints for these forecasted values.
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As we can see from our graph above (Figure 4), the value of the log of the ratio of the two groups appears close to 0 throughout the latter part of our study and our predicted values are close to 0 as well.  Note that I did not perform a one sample t-test to determine whether the log of the ratio equals 0 throughout our study because our early time points still skew the data and we are much more interested in what happens near the end of the study (after week 10).  But, since there are so few points later in the study, the bootstrap replicates of our prediction provides us with a better method to test our hypothesis (we could also have done bootstrap replicates of the actual data points as well, but the prediction estimates should suffice.)

For the six weeks we make predictions for at the end of our study, all of the 95% confidence intervals contain 0 (notice how the width of the intervals get wider each week we go along; that is because our forecast estimate is less certain as we predict further into the future, which makes sense.)  Now, recall the time unit in our graph is from the end of carcinogen dosing, hence we add back 5 weeks to the time above to make our conclusions based on total time in the study.


Now, since all of the 95 percent confidence intervals for our predicted points contain 0, our p-value is greater than 0.05. Hence, at significance level 0.05, we Do Not Reject our null hypothesis that there is no difference in the eating habits of our two groups of animals in the long run.  So, based on this analysis, the assumptions of the Stoner laboratories are valid in that the dose of the carcinogen is small enough not to inhibit the eating habits for the animals as the tumors grow in their esophagi.  Also, it appears that these studies could be extended to 30 weeks from 24 weeks in length without jeopardizing these assumptions.
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Appendix: S-Plus Code

#Food value without the First Five terms

fd1<-fdp1

fd2<-fdp2

fdratio<-rts(fd2/fd1)

kdescripb(fdratio,"Ratio")

logfinratio<-log(fdratio)

logfinratio<-rts(logfinratio)

logfinfinal<-logfinratio

kdescripb(logfinratio,"Log of Ratio of fd2/fd1")

#Regression Method

jjmle<-arima.mle(logfinratio,model=list(order=c(1,0,0),xreg=cbind(rep(1,19),seq(1,19))))

jjmle$model

#Check Diagnostics

arima.diag(jjmle)

#Bootstrap

B<-25  
# Number of boostrap replicates

arp<-1

# Order of AR model to be fit

arcoef<-matrix(0,B,arp)
#matrix of coefficients

arvarp<-matrix(0,B,1)
#matrix of variance estimates

armean<-matrix(0,B,1)
#matrix of mean values

arforeerr<-matrix(0,B,6)

arforemean<-matrix(0,B,6)

n<-19



#number of observations

ninit<-100




#cushion for initialization of forecast

# Begin bootstrap iteration

for (j in 1:B){


fitmodel<-arima.mle(logfinratio,model=list(order=c(1,0,0),xreg=cbind(rep(1,19),seq(1,19))))


fitmodel$stdres<-arima.diag(fitmodel,plot=F)$std.res


kmodel.fore<-arima.forecast(logfinfinal,model=fitmodel$model,n=6)


kerr<-rts(1.96*kmodel.fore$std.err)

   kf<-rts(kmodel.fore$mean)


arcoef[j,]<-fitmodel$model$ar


arvarp[j]<-fitmodel$sigma2


armean[j]<-fitmodel$reg.coef


arforeerr[j,]<-kerr


arforemean[j,]<-kf


residsample<-sample(fitmodel$stdres[(arp+1):n],size=(n+ninit),replace=T) #resample residuals


#Don't want to use bootstrap command; sample will do what we need


xnew<-residsample


for (i in (arp+1):(n+ninit)){



xnew[(i+1)]<-arima.forecast(xnew[1:i],n=1,model=fitmodel$model)$mean+residsample[(i+1)]


}


logfinratio<-xnew[(ninit+1):(n+ninit)] #the last 100 of them.

}

finmodel<-list(order=c(1,0,0),ar=c(araverage),ndiff=0)

finkerr<-apply(arforeerr,2,mean)

finkmean<-apply(arforemean,2,mean)

finkerr<-rts(finkerr,start=20)

finkmean<-rts(finkmean,start=20)

ts.plot(logfinfinal,finkmean,finkmean+finkerr,finkmean-finkerr,ylim=c(-.15,0.1))

abline(h=0)

axes(ylab="Log of Ratio")

title("Forecast for the Log of the Ratio for 6 weeks after the study")
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