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SUMMARY

Complications of the chronic hepatitis C virus (HCWiclude the development of
fibrosis, which depends on host and viral charéttes. In most studies moderate and
heavy alcohol intake is a risk factor for hepatiirdsis. However, there is a lack of data
on the effects of light alcohol intake on HCV diseasogression.

In this work the independent effect of significarriables (p < 0.05) on fibrosis was
assessed using backward stepwise binary logistltivamiate regression analysis (0.05
for factor inclusion and 0.2 for exclusion). Dat®re collected in a retrospective
cross-sectional study of 99 untreated HCV patieis400 male, age (mean + SD)
35.2 + 10.3 years) with liver biopsy who drank op30 g alcohol daily (8.3 + 10.7 g).
The prevalence of fibrosis (METAVIR- 2) in this group was 40.4% (95% CI:
30.7% - 50.1%). Age, elevated GPE € x upper normal limit), steatosis>(5%) and
viral load (> 800,000 Ul/mL) remained in the model. The areaeuride curve (AUC)
derived from this model was 0.776 (95%CI: 0.685868) for fibrosis in light-drinking
chronic hepatitis C patients. The sensitivity anec#ffcity for predicting severe hepatic
fibrosis were 0.64 and 0.77 respectively.

Key words : logistic model, multivariate analysis, backwardpstese method, fibrosis,
chronic hepatitis C

1. Introduction

Hepatitis C virus (HCV) is a leading cause of aisis and hepatocellular
carcinoma in Europe and the United States. The oatprogression from

chronic hepatitis C to fibrosis and cirrhosis ighiy variable among patients —
some individuals experience a benign clinical ceds decades, while others
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rapidly progress to end-stage liver disease. Sewest and viral factors have
been linked to fibrosis progression, such as cdgr at infection, male gender,
body mass index, alcohol intake, HCV genotype dral load. A heavy alcohol
intake of more than 50 to 60 g/day has been foundhany studies to be an
independent risk factor for fibrosis in HCV infemti (Metwally et al., 2007).
However, there is a lack of data on the thresheléll of alcohol intake which
negatively influences the natural course of HC\eation, as for the impact of
minimal alcohol consumption on the degree of higumal liver lesions.
Additionally, there is increasing evidence thattigirinking brings significant
health benefits due to positive cardiovascularatffeHowever, HCV patients
are generally counselled by their physicians taaabg$rom drinking alcohol.

Logistic regression is commonly used when the iedepnt variables
include both numerical and nominal measures andotiteome variable is
binary (dichotomous), although it can also be ushkdn the outcome has more
than two values (Hosmer, Lemeshow, 1989).

One reason for the popularity of logistic regresssthat many outcomes in
health are nominal, actually binary, variables eytleither occur or do not
occur. The second reason is that the regressidficteets obtained in logistic
regression can be transformed into odds ratios. iBogssence, logistic
regression provides a way to obtain an odds raticafgiven risk factor that
controls for, or is adjusted for, confounding vhatés (Dawson, Trapp, 2004).

The aim of this study was to define the role of hetors likely to explain
the process of fibrosis in light-drinking HCV patts.

2. Description of the Data and Methods

Data were collected in a retrospective cross-seatistudy of 99 untreated
HCV patients with liver biopsy who drank up to 30fgalcohol daily (mean age
+ standard deviation: 8.3 £10.7 g). Their age wa2@® + 10.23 years, ranging
from 18 to 63 years (79.4% were male, 35.2 +10&s)e The prevalence of
fibrosis (METAVIR > 2) in this group was 40.4% (95% CI: 30.7%-50.1%).
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Among the explanatory variables, 2 types were clamed: demographics and
laboratory data. Table 1 summarizes demographicla@atatory data for the
total patient population and univariate compariswtording to degree of
hepatic fibrosis, considering no or light Fibrogis METAVIR FO and F1
respectively, and severe Fibrosis as METAVIR F2,aR8 F4. Demographic
variables included gender, age and body mass i(lB&X). Laboratory data
included glutamic-pyruvate transaminase (GPT), gangilutamil transferase
(GGT), Ferritin, HCV load (assessed by qualitatR€R assay with lower
detection limit 50 Ul/mL), HCV genotyping and heipadteatosis. Daily alcohol
intake was also considered. Several variablesvilead of a continuous nature
were dichotomized based on values that are usyalgent in scientific
literature.
In this work the independent effect of significaatiables on fibrosis was asse-
ssed using backward stepwise binary logistic mailiate regression analysis
(0.05 for factor inclusion and 0.2 for exclusiongjng SPSSv15.0 for Windows.
Associations between severe fibrosis and covariateee assessed by
unadjusted odds ratio (OR), as estimated usingMtantel-Haenszel statistic
analysis (Table 2). The odds ratio is one of a eaoigstatistics used to assess
the risk of a particular outcome (or disease) dedain factor (or exposure) is
present. The odds ratio is a relative measureséf telling us how much more
likely it is that someone who is exposed to thédaander study will develop
the outcome as compared to someone who is not edp@and, Altman,
2000). The odds of an event happening is the pilityathat the event will
happen divided by the probability that the everit mot happen. The observed
odds ratio, lets say OR = 4.00 for age (Table Bgmng that someone who has
HCV and has an age40 years is 4 times more likely to develop thecomte —
hepatic severe fibrosis — as compared to someowehak HCV and is under
the age of 40 years) is not in the centre of th&fidence interval, because of
the asymmetrical nature of the odds ratio scale.ddds ratio is 1 when there is
no relationship, and the null hypothesis that tidsoratio is 1 can be tested by
the usuaj’ test for a two-by-two table (Bland, Altman, 2000).
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Table 1. Demographic and laboratory data for the totalguatpopulation and univaria-

te comparison according to degree of hepatic fisr@ontinuous variables are expre-

ssed as mean (z standard deviation), median [fuartile range] as well as minimum
and maximum values, and categorical data as adrexyu(n) and percentage (%).

Non severe : :
. Severe Fibrosis
Variables All Fibrosis p-value
(METAVIR FO/1) (METAVIR F2/3/4)
Gender n 99 59 40 0.001*
Female; Male % 20.6;79.4 27.1;72.9 12.5;87.5 ’
n 99 59 40
Age (years) Meang¢SD) 35.20 ¢10.23) 33.08° (+8.87) 38.32%(+11.36) 0.017**
Min—max 18-63 18-63 18-62
n 95 59 36
> Mean¢SD) 23.89 ¢3.08)  23.30 ¢2.93)  24.73 (3.13) -
BMEGKO/M) Ve [10R] 23 [4] 23°[3.5] 24237 0035
Min—max 17-35 17-30 20-35
BMI (kg/m?) n 99 59 40 0.387*
<25; 25-29.9230 % 62.6;29.3;8.1 66.1;27.1;6.8 57.5;32.5;10.0 NS
n 98 59 39
i MeantSD)  2.69 ¢2.30) 2.32 ¢2.37) 3.25 ¢2.09) -
GPTEN™™) " "Me [IOR] 212] 2071 32[3] 0.001
Min—max 1-15 1-15 1-10
n 99 59 40
. Mean¢SD)  1.89 (1.83) 1.60 ¢1.67) 2.32 (1.99) -
GGT (N™) " "Me [IOR] 1[01] 1°[0.6] 12537 9007
Min—max 1-10 1-10 1-10
n 90 51 39
Ferritin (ng/L) Mean{SD) 201.80 £164.91) 187.96 £180.99) 219.9 ¢£141.4) 0.098***
Me [IQR] 169 [162,5] 166 [153] 172 [203] NS
Min—max 0-1188 0-1188 44657
Ferritin (ng/L) n 90 51 39 0.105*
<300; >300 % 80.0; 20.0 84.3; 15.7 74.4; 25.6 NS
n 95 57 38
Viral load Mean(:SD) 963110¢1592375550364£673912)1432230¢2319023) o
(Ul/mL) Me [IQR] 664000 [713000501187°[776000] 8455007 [591750]
Min—max 0-12700000 0-4510000 2740-12700000
Viral load (Ul/mL) n 98 59 39 0.002*
<8x1@; >8x1C % 58.2; 41.8 66.1; 33.9 46.2;53.8 )
HCV genotyping n 96 57 39 <0.001*
gl; g3; g4 % 60.4; 27.1;12.5 57.9;24.6;17.5 64.1;30.8;5.1 )
Steatosis (%) n 99 59 40 <0.001*
0-4; 5-29>30 % 60.6; 21.2;18.2 72.9;18.6;8.5 425;25.0;325 )
n 99 59 40
Alcohol intake  Mean¢SD)  8.33 ¢10.71) 9.41 ¢10.51) 6.75 ¢10.95) 0.131***
(g/day) Me [IQR] 0[20] 10 [20] 0[20] NS
Min—max 0-30 0-30 0-30

* Chi-square test. NS — non significant differenée%- different letters indicate significant
differences of the expected value of the varialelevben severe fibrosis and no severe fibrosis
groups, according to the ** t test or the *** MaWhitney U test. **** N — upper normal limit
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Table 2. Variables associated with severe fibrosis
in the univariate analysis.

Covariates N Odds Raflq95% C.I.] p-value
Gender Female 21 1.00
Male 78 2.60[0.87; 7.82] 0.088
Age (years) <40 71 1.00
>40 28 4.00 [1.59; 10.08] 0.003
<25 63 1.00
BMI >25 33 1.64 [0.70; 3.84] 0.258
(kg/n) <30 92 1.00
>30 7 2.07 [0.44; 9.82] 0.358
<2 37 1.00
GPT &N%) >2 62 3.11[1.26; 7.66] 0.014
<2 68 1.00
GGT (<N >2 31 2.38[0.99; 5.66] 0.051
Ferritin (ng/L) <300 2 1.00
>300 18 1.85 [0.65; 5.26] 0.246
< 600000 50 1.00
Viral load > 600000 48 1.64[0.73; 3.71] 0.233
(Ul/mL) < 800000 57 1.00
> 800000 41 2.27 [0.99; 5.21] 0.052
HCV genotypinglor4 70 1.00
genotyping 3 26 1.36 [0.55; 3.39] 0.502
< 5% 60 1.00
Steatosis >5% 39 3.64 [1.55; 8.51] 0.003
< 30% 81 1.00
> 30% 18 5.20[1.68; 16.10] 0.004

a) Mantel-Haenszel Common Odds Ratio Estimate; *Upper normal limit

As the literature contains different cut points $ome of the variables under
study, different dichotomizations were produced: IBMth a cut point of 25
(separating underweight and normal weight patidrimm overweight/obese)
and of 30 (separating overweight or less from olpedeents), viral load with
a cut point of 600,000 Ul/mL and another at 800,000mL, and hepatic
steatosis with a cut point of 5% (presence/absesoé)another at 30 % (severe
cases). It is possible to see (Table 2) that assdwerity of the covariate
increases, so does the OR, showing a risk incfeassl cases, although BMI

and viral load were not shown to be significanthsa@ciated risk factors for
severe fibrosis (p>0.05).
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3. Logistic Regresson Modeling

Logistic regression is commonly used when the irdépnt variables include
both numerical and nominal measures and the outcesmiable is binary
(dichotomous), although it can also be used whenotitcome has more than
two values (Hosmer, Lemeshow, 1989).

Logistic regression assumes an underlying linedatiomship between
a dichotomous dependent variable and one or mdependent variables. The
plot of such data always results in two parallak$i, each corresponding to
a value of the dichotomous dependent variable. lBexéhe two parallel lines
are difficult to model, one can alternatively ceeatategories for the
independent variable and compute the mean of thendkent variable value for
the respective categories. The resultant plot basethese categories’ means
will, therefore, appear linear in the middle, mii&e what one would expect to
see on an ordinary scatter plot, but curvilineabath ends. Such a shape is
often referred to as sigmoidal or S-shaped (Peit),2001).

One problem in working with S-shaped data is thatextremes are difficult
to model. Another problem is that the errors angicglly neither normally
distributed nor constant across the entire rangdatd. Therefore, the ordinary
least squares solution cannot help a researchaertee a regression equation
from the data. The logistic regression approaclvesolthese problems by
applying the logit transformation to the dependemtable (Kutner et al., 2004).

Without the logit transformation, a dichotomous éegent variable is
typically recorded as the percentage probabilityagbarticular outcome, say
experiencing severe fibrosis after hepatitis C ahém. By definition, this
measure must fall between 0 and 1. Hence its atiffied as the ratio of the
probability of the outcome divided by one minusttipaobability (p/(1-p)),
varies from 0 to infinity (the abovementioned od@gio). The natural log
transformation of the odds, also referred to a#,logries from negative infinity
to positive infinity, and it is possible to relatgo any independent variable in
a similar fashion as in a simple linear regresskr. example, the log of the
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percentage of patients who experience severe f#vessus the percentage who
did not experience severe fibrosis can be hypathdsio be linearly related to
HCV. A mathematical formulation of such a relatibipslooks like this:

m(ﬁj = Bo + BiXq(HCV) 1)

To derive the estimates of both beta coefficiems & given data set
(Hosmer, Lemeshow, 1989), a researcher may empynaximum likelihood
method, which is readily available in statisticafterare such as SPSS or SAS,
among others. When the beta coefficients are ein# becomes possible to
evaluate the log of the odds of severe fibrosisw&mo severe fibrosis for
future patients.

Using the same logic underlying the simple logistigression equation, it is
possible to construct a more complex model thatoriporates several
explanatory variables.

This complex model is in the form of multiple regg®n equations, that is
a multivariate regression model. The constructidnsoch a model, using
several nominal scaled variables and/or at leasival scaled variables, is very
well described in Hosmer, Lemeshow (1989).

For the severe fibrosis patient data set, it wapothesized that the
following linear relationship might exist:

|n[ﬁj =Bot BiXyt+L X+ B3Xg+ Sy Xyt
2
+Bs5 X5+ BgXe + b7 X7 + FgXg + BoXg
wheref3, is a constanf; to 3y are the variables’ coefficients, and X represents
the respective variables:; X% gender (O=female; 1=male), X% age (one year
increase), X = body mass index (BMI: 0 < 25;3125), X, = glutamic-pyruvate
transaminase (GPT: 0 < 2712), X5 = gamma glutamil transferase (GGT: 0 <2;
1> 2), X = ferritin (0 < 300; 1> 300), % = viral load (0 < 800,000 Ul/mL;
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1> 800,000 UI/mL), % = hepatitis C virus genotyping (HCV: 0 = genotypih
and 4; 1 = genotyping 3) and, X hepatic steatosis (0 < 5%2>5%).
Alternatively, one can express the same functicglationship by taking the
antilog function of Equation (2) on both sides adain a direct estimate of the
probability of severe fibrosis:
P(SevereFibrosis=1) =

ot BXut+BoXo+ BaX3+ BaX4+ B Xs+ BeXe+ Fr X7+ Xe+ foXg
14 Pot BXa++B2Xa+ BaXa+ BaXa+ PsXs+ BoXe+ BrX7+ FaXg+PoXo

3)

All the variables (age, gender, body mass indexT ,GEGT, ferritin, HCV
genotyping, viral load and steatosis) were includeda stepwise logistic
regression analysis, using Equation 3, in SPSS 1&s0). The backward
stepwise selection algorithm used a p-value of @0@3actor inclusion and 0.2
for exclusion. It was verified that the predictagsnder (%), BMI (X3), GGT
(X5s), ferritin (Xg), viral load (%) and HCV (>g) were insignificant at p = 0.05.
Variables or predictors that were significantly adated with severe hepatic
fibrosis in the univariate analysis (Table 2), d¥g), elevated GPT (¥ and
steatosis (¥, remained in the model (Table 3).

Table 3. Independent predictors of severe (Metavir F2/8&patic fibrosis in patients
with chronic hepatitis C: multiple regression arsi.

Covariates Var_|able S.E Odds Ratio p-value
estimate T [95% C.1.]
Age (years) ) . 1.00
+lyear 0.064 0.027 1.07*[1.01;1.12] 0.018
- No 1.00
GPT=2 (N™) Yes 1.412 0.59. 4.10[1.29; 13.07] 0.017
Viral load> 800000 No 1.00
(Ul/mL) Yes 0.772 0.51f 2.16[0.79;5.94] 0.134
Steatosis 5% No 1.00
= Yes 1.408 0.55( 4.09[1.39; 12.02] 0.010
Constant -4.459 1.19( 0.012 0.000

*OR [95% C.l.] calculated for a 10-year increase 801[1.12; 3.22]; ** N — upper normal limit
¥ Backward stepwise binary logistic multivariate esgion analysis (0.05 for factor inclusion
and 0.2 for exclusion).
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Although viral load (%) was not shown to be a significant predictor, asw
maintained in the final model due to the known im@ioce of the large volume
of the viral load relation with a more aggressieeirse of the disease. A good
guality model was obtained (Table 4), and can bsgnted as Equation 4.

P(Severdribrosis=1) =
e-4.459+0.064B\ge+1.4IZIBPT+O.772!XYiraI load+1.4085%teatosis )
-4.459+0.064Age+1.412GPT+0.772Viral load+1.408S$teatosis

_1+e

According to this model, the log of the odds of exgncing severe fibrosis
versus no severe fibrosis was positively relatethéopatient's age, GPT level,
viral load and steatosis.

Table 4. Model assessment quality.

Model Summary -2 Log likelihood 91.102
Cox & Snell R 0.245
Nagelkerke R 0.329

Hosmer and Lemeshow Test x? (df=8) 7.140
p-value 0.522

Overall Correct model Predicted Percentage 71.4%

The resulting multivariate model goodness-of-fialfle 4) was assessed
using the —2loglikelihood test, the Cox, Snelf Bnd the Nagelkerke’s
(or pseudo) R The Hosmer-Lemeshow test revealed good fit withalae of
7.14 (p = 0.522). This logistic regression modelduced a receiver operating
characteristic (ROC) curve with an area under theec (AUC) of 0.776 (95%
Cl: 0.685-0.868) for fibrosis in light-drinking amic hepatitis C patients
(Figure 1), which means that the model can be densd useful for predicting
severe liver fibrosis (an AUC of 0.8 or higher wabuhdicate an excellent
diagnostic accuracy) (Hosmer, Lemeshow, 1989).

ROC curves measure the amount of separation bettheedistribution of
a model’s results in the disease population froendistribution of the model’s
results in the non-disease population. If the distron of the model’s results
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for the disease and non-disease completely oveHap,the ROC curve is a line
from (0,0) to (1,1). The more separated the distidims, the closer the ROC
curve is to the upper left-hand corner, being merfehen the curve reaches the
upper left-hand corner.

°
1

Sensitivity

°
1

T T T T
0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity

Figure 1. Receiver operating characteristic curve for thelehdor predicting severe
liver fibrosis.

Furthermore, the AUC can be interpreted as thegimtity that the result
for a randomly chosen subject exceeds that fondamly chosen non-disease
subject (Bamber, 1975).

For an outpoint of probability of 0.31, the modehsitivity and specificity
for predicting severe hepatic fibrosis were 0.6d @77 respectively.

The predictive accuracy of logistic regression ni@ti@s its own limitations
and can be compromised by converting continuousegainto dichotomous
variables. Moreover biologic measurements fluctudtderact with other
variables, and are potentially modifiable by metia@g all contributing to the
limitation of the precision of risk estimation. T@count for each and every
variable and interaction would produce a model Whatlld be too cumbersome



Logistic multivariate regression analysis as a togiredict fibrosis 43

for clinical use. However, the versatility of lotyesregression prediction can be
utilized to determine levels of risk and direchadal decisions.

The logistic equation, namely the model statedquodion 4, can be used to
find the probability of an outcome (e.g. the preseanf severe fibrosis) for any
given individual. For instance, let us calculate gnobability that a 48-year-old
patient with elevated GPT, with a viral load higliean 800,000 Ul/mL and
10% steatosis, has severe fibrosis (Equation 5).

-4.459+0.064x48+1.4121+0.772<1+1.408<1

. . e
— = = 5
P(Severdribrosis=1) 1+ e-4.459+0.064><48+1.412<L+0.772<L+1.408<1 0.901 ( )

On the other hand, the probability that a 48-yddrpatient with low GPT, with

a viral load lower than 800,000 Ul/mL and zero &is@ has severe fibrosis is

0.200 (Equation 6).

-4.459+0.064x48+1.412x0+0.772x0+1.408<0

P(Severd-ibrosis=1) = =0.200 (6)

1+ e-4.459+0.064><48+1.412><0+O.772<0+1.408<0

4., Conclusion

In this study, three variables were found to benifitantly associated with
severe hepatic fibrosis in univariate analysis aachained independently
associated with fibrosis under the multiple regmesanalysis: age, GPT levels
> 2 x upper normal limit and steatosis 5%. Although viral load
(> 800,000 UI/mL) was not significantly associatedthwfibrosis, it was
however maintained in the model due to the knowpairtance of the large
volume of the viral load relation with a more aggige course of the disease.
This logistic regression model for fibrosis in ltgirinking chronic hepatitis
C patients can be considered useful for predidegpre liver fibrosis.
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