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Abstract

In this study, we propose two novel prognostic biomarkers for colorec-
tal cancer (CRC), whereas biomarkers are instrumental in clinical decision
making and patient management, as well as playing pivotal roles in pre-
cision medicine. We analyzed indigenous dataset from colorectal cancer
patients. Exon microarray dataset was used and 135 genes were iden-
tified as novel candidate biomarkers. 135 genes were further split into
two groups: low and high gene expression values via ’maxstat’ algorithm,
they were analyzed using Kaplan-Meier (K-M) analysis and univariate
Cox model, and a set of 33 genes were identified as statistically significant
(p¡0.05). Furthermore, using the ’VARCLUS’ algorithms (a SAS soft-
ware procedure) which is a a useful tool for variable reduction, based on
the divisive clustering techniques, a small subset of 5 genes were selected
out of 33 signficant genes as potential candidates to build survival mod-
els. Both parametric and semi-parametric survival models were utilized
to assess whether these 5 genes could be used as prognostic biomarkers.
HHLA2 (p¡0.01) and NEBL (p¡ 0.01) genes emerged as potential biomark-
ers, based on the para- and semi meteric models such as: Rayleigh, Expo-
nential probability distributions, and Cox models and were also validated
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on independent datasets, apart from validation with qPCR test as well as
with the cell lines patients data in the laboratory. A rigorous statistical
evaluation for model’s performance were done via Harrell’s index, Brier
score, Shoenfeld residual plots as well as with comparing several predic-
tive model plots. We also made the comparison of Akaike and Bayesian
Information(AIC and BIC) crieteria as well as log-likelihood estimates.
The Tukey-Anscome plot and Quantile-Quantile plot as diagnostic tools
were applied to validate the parametric survival models.

Method

Splitting of continuous gene expression values into two groups
There is no general framework or mathematical rule for splitting quantita-

tive variables into two or multiple groups. In general splitting into categories
are discouraged due to loss of individual level variation, reduction in predictive
performance, increase in Type I and II errors, inefficient to estimate effect size
[1], [2], [3], [4] and [5]; whereas the perceived benefits are simplicity, easy to
quantify risk rates etc. [6].

However, splitting of continuous variables is unavoidable due to nature of the
microarray gene expression data as they are measured on ratio scale. Also gene
expression data are commonly utilized in identification of prognostic biomarkers
in cancer studies. Hence, it’s necessary as well as essential to split expression
values into two or multiple groups at different levels of threshold so that they
can be used in clinical decision making. We utilized the ’maxstat’ an R package
tool for splitting of gene expression values into two group: low and high ex-
pression values. This ’maxstat’ algorithm is also implemented in ’survminer’ R
package:https://cran.r-project.org/web/packages/maxstat/index.html.

The ’cut-point’ is based on maximally selected rank statistics between quan-
titative predictor X and response Y. So assuming that for a simple model, a
cut-point µ in X divides into some groups of observations for the response Y
as: X < µ and X > µ. Now take the difference between these two groups with
respect to the cut-point µ, whcih is described and hypothesized in the work of
Lausen and Schumacher [7], the independence of X and Y as

Ho : P (Y ≤ y|X ≤ µ) = P (Y ≥ y|X > µ)

for all y and µ ∈ R. This cut-points provide a reasonable sample size in each
groups, so for every cut-point µ in X the absolute value of the standardized
two-sample linear rank statistic |Sµ| is computed and the maximum of the stan-
dardized statistics could be given as

M =µ max|Sµ|

From above, the possible cut-points can be used as a test statistic for the hy-
pothesis of independence, and this cut-point in X gives the best separation of
the responses into two groups via taking the standardized statistics of their
maximum, which can be used as an estimate for the unknown cut-point.
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Kaplan-Meier and univariate Cox model analysis
Using the aforementioned ’maxstat’ tool, the expression values of these set of

135 genes (from IPA analysis) split into two groups as ‘low’ and ‘high’ expression
values, and for these genes Kaplan-Meier survival analysis as well as univariate
Cox regression modeling were done. and K-M plots are shown in Figures S6
- S37. The statistical significance from these analyses are based on log-rank
test and ‘z’ or ’t’ statistics respectively, α = 0.05 was assumed for statistical
significance, and 33 genes are found to be statistically significant(p < 0.05), and
will be utilized for building predictive models.

Selection of prognostic biomarkers using ’VARCLUS’ algorithms
Collated omics data are commonly high dimensional and in general have

smaller number of samples due to limited resources. Hence, building statistical
models are always not an easy job. These data are also highly correlated, so
inclusion of too many predictors in the model may lead to multicollinearity as
well as over- or under-fitting problems. The multicollinearity in modeling are
primarily due to some predictors get linearly related due to high correlated vari-
ables). The correlation plot for these subset of selected 33 genes are graphically
presented in Figure S1, which exhibits that correlation between genes are highly
correlated, where dark color indicates high correlation and correlation coefficient
lies between -1 and 1. So multicollinearity may lead to degrade the model’s co-
efficient estimates substantially for some or all of the correlated predictors [8],
whereas the overfitting or underfitting usualy arises due to complexity of statis-
tical models and the size of the available training dataset [9].

To overcome the above issues, we need to select a minimal set of predictors
so we utilized ’VARCLUS’ procedure [10] from SAS software. The VARCLUS
procedure divides a set of numeric variables (predictors) into disjoint or hierar-
chical clusters which are based on a similarity measure. This procedure allows
maximization of the variance and explained by the cluster components, and they
are summed over all the clusters. Cluster components are oblique that enables
analysis of either the correlation or the covariance matrix. A detail on this pro-
cedure can be found, see[10]. Using this method 5 disjoint clusters are created
with highly correlated genes within clusters and low correlation among clusters.

Using the minimum R2
ratio value which is defined as: R2

ratio = 1−R2 own cluster
1−R2 next closest ,

a single gene covariate is chosen from each cluster. Hence, based on this algo-
rithm a small subset of 5 genes are chosen as predictors to build survival models
namely: CLDN8, HHLA2, NEBL, SELENOP, and THBS2 and are shown in
S3-S5.

Building survival models for 5 selected genes as prognostic biomarkers
Utilizing the above feature selection algorithm the ’VARCLUS’ procedure, 5

genes: CLDN8, HHLA2, NEBL, SELENOP, and THBS2 were selected, and uti-
lized as predictors for building parametric and semi-parametric survival models.
Briefly an outline of parametric survival models are sketched here, they have
three main characteristics namely: (i) response variable which is on ’time’ scale,
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Figure S1: The correlation plot for all the 33 genes., color scales represent
the degree of correlation, between or among genes. The Pearson correlation
coefficient lies between -1 and 1.
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Table S1: For Weibull, exponential, log-normal, log-logistic, and gamma dis-
tribution functions hazard, survival function, parameter space and type of the
model are shown.
Parametric-Model Hazard Function Survival Function Parameters Space

Type

Weibull γαtα−1 exp(−γtα) α, γ > 0
PH, AFT

Exponential γ exp(−γt) γ > 0
PH, AFT

Log-normal exp(−(logt−µ)2/2σ2)

tσ
√

2π[1−Φ((lnt−µ)/σ)]
1− Φ((lnt− µ)/σ)] µ ∈ R, σ > 0

AFT

Log-logistic αγαtα−1

[1+(γt)α]
1

[1+(γt)α] α ∈ R,α > 0

AFT

Gamma γ(γt)α−1exp[−(γt)]
Γ(α)[1−I(α,γt)] 1− I(α, γt) α, γ

AFT

associated with occurrence of an event, (ii) observations are censored, in the
sense that some units of the event of interest have not taken place at the time
of last follow-up, and (iii) independent variables (also known as predictors, ex-
planatory or covariates). The ’parametric’ models are robust and have better
predictive power as well as have a specific functional form for the baseline haz-
ard λ0(t), see: [13] and [14]. A key assumption in a predictive model is related
with distribution of the error term denoted as: ε. This ε can be based on the
probability distribution function: Weibull, Exponential, Gamma, Log-normal,
and could be any other probability distribution functions. The hazard survival
functions, parameters space (shape and scale) and type of the survival model
whether accelerated failure time (AFT) or proportional hazard model (PH) are
given in Table S1.

The semi-parametric survival model (Cox model) is most commonly utilized
model, since they are flexible and have mild assumptions for the baseline haz-
ard function λ0(t), and it assumes that the baseline hazard is constant for each
sub-interval. So based on the underlying assumptions of baseline hazard func-
tions, parametric or semi-parametric models are classified as accelerated failure
time (AFT), or proportional hazard (PH) models. Notably some of the models
exhibit both characteristics of AFT and PH. Now consider an AFT model and
assume that Ti is a random variable and represents survival time of the i-th unit
and non-negative. Applying the linear model approach, it can be expressed as:

log(Ti) = x‘
iβ + εi (1)

where εi is the error term which can take the form of any distributions as given
in supplementary Table S1. Further by taking the exponential of the above
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equation (1), and can be given as:

Ti = exp{x‘
iβ}T0i (2)

where T0i be the exponential error term, and the estimated parameters can be
interpreted along standard lines for any regression models.
Proportional Hazards(PH) Models

Most of the proportional hazard models are due to Cox [15] and is directly
based on hazard function. The proportional hazed model for a hazard at time t
for an individual with explanatory variable xi and without a constant term can
be written as

λi(t|xi) = λ0(t)ex
‘
iβ (3)

where λ0(t) is a baseline hazard function, β′s are coefficients of covariates. The

λ0(t) explains the risk for individuals at xi = 0 acts as reference and the ex
‘
iβ is

the relative risk(some of these materials and notations were adopted from the
web link: https://data.princeton.edu/pop509.

Since CLDN8, HHLA2, NEBL, SELENOP, THBS2 genes were selected
as predictors from feature selection algorithm, now they will be utilized in build-
ing parametric and semi-parametric models and their results are presented in
’Result’ section. The β coefficients for 5 gene covariates from Equation 3, the
term x‘

iβ can be written as:
βx = β0 + β1 ∗ CLDN8 + β2 ∗HHLA2 + β3 ∗NEBL+ β4 ∗ SELENOP
+ β5 ∗ THBS2 + ε.
where β0 is the intercept, β1, β2, β3, β4andβ5 are slopes for gene covariates
CLDN8, HHLA2, NEBL, SELENOP, and THBS2, and ε is the error term.

Measuring and validating predictive model’s performance
The role of predictive modeling are viable for any scientific or non-scientific

decision making. The primary crux of statistical model is whether statistical
model could perform and do well precise prediction on different group of pop-
ulation for an independent dataset. Apart from validating the model on an
independent data, the other diagnostic as well as performance tools to assess
the reliability of predictive model is required as to make better prediction. Some
of the important diagnostic and performance evaluation tools are available, see:
[16], [?]. [13], [?], [11], and [?]. Most widely utilized approach is to split the
dataset into two as training and testing dataset that are usually done for valida-
tion’s purposes, whereas we have done the validation on an external independent
dataset. Moreover, the predictive model’s performance for censored data can
also be achieved as they are commonly done for any non-censored models(the
family of generalized linear models). So following criteria are as follows:

� The ’distance’ between the observed and the predicted outcomes ought to
measure an overall performance of the model.

� The agreement between observed and predicted outcomes is termed as
calibration. It implies that there should be good agreement between them.
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� The ability of the model must be to discriminate between low and high
risk subjects.

Assessment of parametric models based on Tukey-Anscombe and
Quantile-Quantile tools

Assessment of the model’s fit is done using Tukey-Anscombe (TA) and
Quantile- Quantile (Q-Q) plots for models based on: Weibull, Exponential,
Log-normal, Log-Logistic, and Rayleigh distributions. The TA plot is the plot
of residual versus the fitted model. Since with survival data only information
is available is the residuals of the non-censored individual subjects. So only
possible way is by plotting residuals and fitted values on the logarithmic scale.
And an assessment of the TA plot could be done through looking the graphical
plot, by visually assessing if there is no trend (pattern), no cone, etc. And the
Q-Q plot of residuals is the plot of empirical quantiles of residuals versus the
theoretical residuals which are the error distributions for Weibull, Exponential,
Log-normal, Log-logistic, and Rayleigh distributions. The plot could be assessed
visually if it shows a straight line.

Concordance index
The concordance index is also known as C-index or Harrell-Index [18], is

commonly utilized to assess in the discrimination of survival model. Since it’s
easy to interpret as well as related with the classification accuracy and area
under the curve (AUC), known as receiver operating characteristic curve, see:
[?] and [?]. It tells that the probability of a random pair of individuals, the
predicted survival times of the two individuals have the same ordering as their
true survival times. It is similar to AUC, and if index c = 1 then it implies that
the model makes perfect prediction.

Brier score and integrated Brier score
The Brier score is sort of a score function which measures the accuracy of sta-

tistical models. The range for Brier score lies between 0 and 1. The lower Brier
score for a predictive model implies the model has better predictive calibration.
Since this is the largest possible difference between a predicted probability and
the actual outcome [?]. Whereas, the Integrated Brier Score (IBS) gives an
overall measure for the prediction of the statistical model at all times.

Result

Demographics characteristics for internal and external data
All the 41 subjects (internal data) at different time-point whether dead or

censored (alive or status unknown) marked as ’gray’ and ’red’ circle from the
date of diagnosis to the date of last follow-up are shown on the left side in Fig-
ure S2. Out of 41 subjects: 28 subjects are censored and reamining 13 subjects
are dead shown on the right side of the Figure 2, which depict that subjects
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Table S2: Demographics and clinical characteristics of internal and external
datasets

Variable Internal datasetset (N=41) External dataset (N=102)

Age-Group
Below 60 years 19(46.34%) 38(37.25%)
Above 60 years 22(53.66%) 64(62.75%)

Gender
Male 18(43.90%) 43(42.16%

Female 23(56.10%) 59(57.84%)
Status
Alive 28(68.29%) 92(92.16%)
Dead 13(31.71%) 8(7.84%)

were at absolute risk during follow-up, based on inverse probability of censoring.

Filtering of genes, Kaplan-Meier and univariate Cox model

Figure S2: All the 41 subjects at different time-point either dead or censored
marked as ’gray’ and ’red’ circle from the date of diagnosis to the date of last
follow-up, shown on the left panel, whereas on the right panel it represents the
percentage of the subjects at absolute risk, which is based on the inverse of the
probability of censoring.

Splitting of continuous gene expression values into two groups
The Kaplan-Meier survival plots with their p-values based on the log-rank

test for ’High’ and ’Low’ expression-values after utilizing the ’maxstat’ algorithm
(an R package) and ’survminer’ are presented graphically below for 33 gene co-
varaites namley: {B3GNT7, BTNL3, BTNL8, C2orf88, CA1, CCDC68, CEMIP,
CLDN8, COL1A2, CPM, CWH43, HHLA2, IFITM1, MT1G, NEBL, NR3C2,
PDK4, PLCE1, REG1B, SELENBP1, SELENOP, SI, SLC26A3, SLC51B, SM-
PDL3A, TGFBI, THBS2, THRB, TMIGD1, TRPM6, TSPAN7, UGT2A3, and
UGT2B17}. After split into ’High’ and ’Low’ expression values for these 33
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genes: the cut-point values, t- statistics, p-values using log-rank test from
Kaplan-Meier analysis as well as the p-values using univariate Cox model were
given in Table S1, the Kapkan-Meier survival plots were shown in Figures: S6 -
S37.
Selecting CLDN8, HHLA2, NEBL, SELENOP and THBS2
genes as predictors based on feature-selection algorithm

In building predicive models we encounter with multicollinearity problem
due to two or more explanatory variables in regression modeling get highly lin-
early related. And, it is always a challenge with omics data since genes are
generally highly correlated. To overcome this multicollinearity in predictive
modeling, we utilized feature selection ’VARCLUS’ algorithm (discussed in sup-
plementary file). Using this approcah, 5 clusters were created in a way that
genes from the same cluster are highly correlated with each other but have a
low correlation with any other cluster. The selection process consisted of select-
ing one gene from each cluster. We selected the genes with minimum R-square
ratio within its own cluster. A gene selected this way is the best representative
of the cluster. Based on this algorithm a set of five gene covariates namely:
CLDN8, HHLA2, NEBL, SELENOP and THBS2 were chosen from each clus-
ter. The output results from this algorithm such as cluster number, name of
the variable, R2 with own cluster and next closest cluster, and the 1−R2

Ratio.

Figure S3: The Kaplan-Meier survival plots for CLDN8 and HHLA2 genes are
shown after split using ’maxstat’ and R-package, high expression values for both
genes show better survival.

HHLA2 and NEBL as biomarkers with semi-parametric Cox model
We also build the semi-parametric Cox model’s for the 5 selected genes as
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Figure S4: The Kaplan-Meier survival plots for NEBL and SELENOP genes
are shown after split using ’maxstat’ and R-package, high expression values for
both genes show better survival.

Figure S5: The Kaplan-Meier survival plots forTHBS2 genes are shown after
split using ’maxstat’ and R-package,low expression value for this genes show
better survival.
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above. The gene HHAL2 and NEBL had shown statistical significance also with
this semi-parametric model, as their p-values were 0.0482 and 0.0205 respec-
tively. The other gene covariates CLDN8, SELENOP, and THBS2 did not show
statistical significance. The estimated parameters, standard error, z-statistic,
and p-values are given in supplementary file. The estimated hazard rates, confi-
dence intervals and p-values are shown in Figure 8. The confidence intervals for
all these gene covariates have tight bounds, except for CLDN8 gene covariate
which has slightly larger confidence intervals.

Figure S6: Based on the Cox model hazard rates confidence intervals and p-
values for gene covariates CLDN8, HHLA2, NEBL, SELENOP, and THBS2 are
shown. The p-values for HHLA2 and NEBL are: 0.048 and 0.02 respectively
with confidence intervals as: (0.26 - 0.99) and (0.18 - 0.87). The confidence
intervals for other gene covariates have tight bounds except CLDN8 gene co-
variate wider than the other gene covariate though not too wide.

Validating parametric models: Tukey-Anscombe and Quantile-Quantile plot
We utilized Tukey-Anscombe (TA) as well Quantile-Quantile (Q-Q) plots,

graphical tools to assess the above five parametric survival models as mentioned
above. The TA and Q-Q plot of residuals for these survival models were graph-
ically assessed. As we know that with survival data only information that’s
available are the residuals of non-censored subjects. Based on this information,
plots of the residuals and fitted values will be carried out on log-scale. The plot
is expected to show residuals have a similar distribution overall with the fitted
values; for example there should be no pattern or trend, no cone formation etc.
Whereas, the Q-Q plot of residuals is the plot of empirical quantiles of resid-
uals versus theoretical residuals expected by error distribution, and exhibits a
straight line.

� Weibull model validation
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As the Weibull model belongs to a location and scale family, and param-
eters are given for this model in Table 3. The Tukey-Anscombe plot of
residual versus fitted plot, and the TA plot are given Figure 6 for the
Weibull model. The Q-Q plot in Figure 9 shows that only few data points
are at the reference line, and the 95% confidence intervals are diverging.
In general, the Weibull does not seem to be a good model.

Figure S7: Tukey-Anscombe and Q-Q plot for Weibull model.

� Exponential model validation
The exponential model is a special case of the Weibull model, if the shape
parameter is equal to one for Weibull distribution, then this model is
known as the exponential model. The TA and Q-Q plots in Figure 10 are
slightly better than the Weibull model in Figure 9.

Figure S8: Tukey-Anscombe and Q-Q plot for Exponential model .
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� Log-normal model validation
For Log-normal model, the event time has log-normal distribution and
the logarithmic of the event time has normal distribution, and is based on
the two parameters, the mean and the standard deviation of the response
variable (the event time). The TA plot in Figure 11 (left of the panel),
does not show any trend, while Q-Q plot in Figure 11 (right of the panel)
shows the observation data points are lying on the solid reference line,
except couple of data points deviate from the 95% confidence interval
curves, whereas the 95% confidence interval band seems to be good (not
diverging).

Figure S9: Tukey-Anscombe and Q-Q plot for the Log-normal model .

� Log-logistic model validation
The log-logistic model depends on the shape and scale parameters, see:Table
S2 (supplementary file). The TA and Q-Q plots are shown in Figure 12,
both plots seem to be okay and data points are on the reference line except
couple of outliers. The 95% confidence interval bands are reasonable, and
it’s plots are similar to the Log-normal model’s TA and Q-Q plots.

� Rayleigh model validation
The Rayleigh model is a member of the Weibull distribution, and it has
shape and scale parameters. The Rayleigh model is a special case of
Weibull model, if shape parameter is chosen as 2. The TA and Q-Q plots
are shown in Figure 13. The TA plot does not have any trend or pattern,
whereas the Q-Q plot for the Rayleigh model, the residual versus the
empirical fit seem to be nicer, since most of the data points are lying at
the reference solid line, as well as lie within the 95% confidence interval
bands. The 95% confidence band curve for this Rayleigh model have tight
bounds. The Rayleigh model emerged as best predictive model among all
the 5 parametric survival models, based on the TA and Q-Q plots.
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Figure S10: Tukey-Anscombe and Q-Q plot for Log-logistic model.

Figure S11: Tukey-Anscombe and Q-Q plot for Rayleigh model.
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Comparison of standard error for different models
The survival models for internal dataset in Table 3 shows the estimated

parameters the β coefficients, standard errors, t or z-statistic and p-values re-
spectively. Comparing the standard errors for all these five models the Weibull,
exponential, log-normal, log-logistic and Rayleigh models. The standard error
for Rayleigh model was the minimum for all the 5 gene covariates including the
constant term. The Rayleigh model also had shown high statistical significance
for HHLA2 and NEBL gene covariates. The TA and Q-Q plots as a diagnostic
also support as a good predictive model.

Comparison of the log-likelihood, AIC and BIC criteria
The log-likelihood, AIC and BIC and some others criteria are commonly

utilized to assess the model performance, and they are shown below in Table 6.
Model based on exponential distribution seems to be most appropriate model
since their AIC as well as BIC have minimum values as 80.398 and 85.539 respec-
tively whereas the survival model based on the Rayleigh probability distribution
has the minimum log-likelihood estimates.

Estimating Harrel’s index: concordance and disconcordance of survival model
Based on the ’Survival’ R-package, the concordance statistic is estimated.

It computes the agreement between an observed response and a predictor. It is
closely related to Kendall’s tau-a and tau-b, Goodman’s gamma, and Somers’
d and all these statistic are asymptotically similar in nature, see the link for
detail discussion: www.CRANcran.r-project.org/packages/survival as well
as [18] and [17]. The estimated index of concordance is a global index to val-
idate the ability to predict survival model for Cox model, the computed index
is approximately 81%. Based on the logistic model, the estimated concordance
index is almost similar to the estimate as obtained from the survival model.

Call:

concordance.coxph(object = fith, timewt = "n")

n= 41

Concordance= 0.805 se= 0.05664

concordant discordant tied.x tied.y tied.xy

322 78 0 0 1

> # logistic regression

> fithl <- glm(Censor ~ CLDN8 + HHLA2 + NEBL + SELENOP + THBS2, data=df, binomial)

> concordance(fithl) # equal to the AUC

Call:

concordance.lm(object = fithl)

n= 41

Concordance= 0.8049 se= 0.0664

concordant discordant tied.x tied.y tied.xy

293 71 0 455 1

Prediction error comparison for full Cox model vs. sub Cox- models
and the marginal Kaplan-Meier prediction model
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Prediction error plots in comparison with the full model (Cox.x1.X2) co-
variates included are CLDN8, HHLA2,NEBL, SELENOP, THBS2, whereas the
other model (Cox1) have covariates: CLDN8, HHLA2, NEBL and model(Cox.X2)
with covariates: NEBL and SELENOP. The full models is showing the predic-
tion error is not exceeding above 20%. The prediction error does not seem to
be high see: Figure 14; while taking into account that the internal dataset have
only 41 observations. Validating Cox model’s assumptions

Figure S12: Prediction error plots in comparison with the full model
(Cox.x1.X2) covariates included are CLDN8, HHLA2,NEBL, SELENOP,
THBS2, whereas the other model (Cox1) have covariates: CLDN8, HHLA2,
NEBL and model(Cox.X2) with covariates: NEBL and SELENOP. The full
models is showing the prediction error is not exceeding above 20%. The predic-
tion error does not seem to be high while taking into account that the internal
dataset have only 41 observations. The reference curve is the marginal Kaplan-
Meier prediction model

The ’survival’ [19] and ’survminer’ R packages [20] were utilized to check the
proportional hazard assumptions and Schoenfeld residuals plots. The function
cox.zph() from the survival package was used to test the proportional hazards
assumption for each covariate included in the Cox regression model fit. From
this statistical test, the estimated parameters such as: the rho, chi-square statis-
tic and p-values for model’s covariates are given in this Table 7. The ′Global′

test is not significant as well as all the covariates included in the model such as:
CLDN8, HHLA2, NEBL, SELENOP and THBS2 are also not statistically sig-
nificant. This implies that the assumptions for contant proportional hazardness
are satisfied. The Scoenfield residual plots are shown in Figure 15 for all the 5
covariates in the Cox model. The plot shows that there is no non-random pat-
tern against time, hence there is no evidence of violation of the PH assumptions.

Utilizing the ’muhaz’ and ’flexsurv’ R packages to estimate the hazard func-
tion for all patients using non-parametric approach and estimated intercept only
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Figure S13: Scoenfield residual plots for covariates: CLDN8, HHLA2, NEBL,
SELENOP and THBS2 are shown. Plots for each covariates against time do not
show non-randomness as there is no pattern or trend. The null-hypothesis for
constant proportional hazard assumption of Cox model are also satisfied which
is based on the ch-square statistic for the global null-hypothesis test.

for parametric models for a range of probability distributions. We plotted the
hazard functions from the parametric models and compare them to the kernel
density estimate, and is shown in Figure S2 (right side of the panel). The slope
for the kernel density estimate is monotonically decreasing. The best performing
models are those that support monotonically decreasing hazard rates. Weibull,
Lognormal, and Log-logistic slopes are decreasing monotonically, whereas the
exponential estimate is constant. The survival model without covariates are
for exponential, Weibull, Lognormal, and Log-logistic are compared with non-
parametric Kaplan-Meier survival curve. The Weibull, Lognormal, and Log-
logistic survival curves are almost overlapping except the exponential model
and is shown in Figure S2 left side of the panel).

Full model’s fit plot for CLDN8, HHLA2, NEBL, SELENOP, gene covariates
and THBS2 for different probability distributions

The model fit for parametric models with probability distributions such as:
Exponential, Weibull , Lognormal, and Loglogistic are shown in Figure S3. All
the parametric survival models are overlapping each other and compared with
the non-parametric Kaplan-Meir curve.

Kaplan-Meier survival plots for HHLA2, NEBL,SELENOP, and THBS2
on external dataset
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Figure S14: Kaplan-Meier survival plot are shown for HHLA2 and NEBL gene
covariates which are genes expression values, split into low and expression val-
ues using ’maxstat’ and ’survminer’ R-packages. The p-values for HHLA2 and
NEBL are: 0.0001 and 0.004 respectively which are based on the log-rank test.
The frequency distribution of HHLA2 and NEBL gene covariates for number of
subjects at high and low expression values are also given.The survival curves for
HHLA2 gene expression values as low and high seem to be well separated.

18



+

+

++++

+ + ++++
+ ++++++++++++++ + +

p = 0.016

0.00

0.25

0.50

0.75

1.00

0 10 20 30 40

Time

S
u

rv
iv

a
l 
p

ro
b

a
b

ili
ty

Strata + +SELENOP=high SELENOP=low

13 12 11 7 0

87 84 77 51 2SELENOP=low

SELENOP=high

0 10 20 30 40

Time

S
tr

a
ta

Number at risk

+ +
+++++++++++ +

++ + + +
+ ++++++++++++ +

p = 0.17

0.00

0.25

0.50

0.75

1.00

0 10 20 30 40

Time

S
u

rv
iv

a
l 
p

ro
b

a
b

ili
ty

Strata + +THBS2=high THBS2=low

58 57 52 35 1

42 39 36 23 1THBS2=low

THBS2=high

0 10 20 30 40

Time

S
tr

a
ta

Number at risk

Figure S15: Kaplan-Meier survival plot are shown for SELENOP and THBS2
gene covariates which are genes expression values, split into low and expression
values using ’maxstat’ and ’survminer’ R-packages. The p-values for SELENOP
and THBS2 are: 0.016 and 0.17 respectively which are based on the log-rank
test. The frequency distribution of CLDN8 and HHLA2 gene covariates for
number of subjects at high and low expression values are also given.The sur-
vival curves for HHLA2 gene expression values as low and high seem to be well
separated.
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Figure S16: The the hazard function estimates for kernel density is compared
with the exponential, Weibull, log-normal, and log-logistic distributions based
on the intercept only in model (all the 5 genes covariates were excluded).

Figure S17: The Exponential, Weibull, Lognormal, and Log-logistic survival
curves are shown by including the all the 5 genes covariates in the model. Para-
metric models were compared with the K-M curve.
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The external dataset1 was used to validate the four gene covariates as po-
tential biomarker predictors namely: HHLA2, NEBL, SELENOP and THBS2.
For these genes, K-M survival analysis was done and based on the log-rank test,
they had shown statistical significance since p-values were less than 0.05, except
THBS2 gene, and their survival plots were shown in Figures S4 and S5.

Estimating Harrel’s index: concordance and disconcordance of survival model
Based on the ’Survival’ R-package, the concordance statistic is estimated.

It computes the agreement between an observed response and a predictor. It is
closely related to Kendall’s tau-a and tau-b, Goodman’s gamma, and Somers’
d and all these statistic are asymptotically similar in nature, see the link for
detail discussion: www.CRANcran.r-project.org/packages/survival as well
as [17] and [18]. The estimated index of concordance is a global index to val-
idate the ability to predict survival model for Cox model, the computed index
is approximately 81%. Based on the logistic model, the estimated concordance
index is almost similar to the estimate as obtained from the survival model.

1CLDN8 gene was not in the external dataset
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Figure S18: Kaplan-Meier survival plot are shown for B3GNT7 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.0039.
The frequency distribution of B3GNT7 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for B3GNT7
expression values as low and high seem to be well separated, and high expression
values shows better survival
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Figure S19: Kaplan-Meier survival plot are shown for BTNL3 gene covariates,
genes expression values were split into low and expression values using ’max-
stat’ and ’survminer’ R-packages. Based on the log-rank test, the p-value is
0.014. The frequency distribution of B3GNT3 gene covariates for number of
subjects at high and low expression values are also given.The survival curves for
B3GNT3 expression values as low and high seem to be not well separated, and
low expression values shows better survival.
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Figure S20: Kaplan-Meier survival plot are shown for BTNL8 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages.Based on the log-rank test, the p-value is 0.0053.
The frequency distribution of BTNL8 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for BTNL3
expression values as low and high seem to be not well separated, and low ex-
pression values shows better survival
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Figure S21: Kaplan-Meier survival plot are shown for CA1 gene covariates, genes
expression values were split into low and expression values using ’maxstat’ and
’survminer’ R-packages. Based on the log-rank test, the p-value is 0.017 . The
frequency distribution of CA1 gene covariates for number of subjects at high
and low expression values are also given.The survival curves for CA1 expression
values as low and high seem to be not well separated, and low expression values
shows better survival
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Figure S22: Kaplan-Meier survival plot are shown for CCDC68 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.02 .
The frequency distribution of CCDC68 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for CCDC68
expression values as low and high seem to be well separated, and low expression
values shows better survival
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Figure S23: Kaplan-Meier survival plot are shown for CEMIP gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value ¡ 0.0001 .
The frequency distribution of CEMIP gene covariates for number of subjects at
high and low expression values are also given.The survival curves for CEMIP
expression values as low and high seem to be well separated, and high expression
values shows better survival
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Figure S24: Kaplan-Meier survival plot are shown for CLDN8 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.00034
. The frequency distribution of CLDN8 gene covariates for number of subjects
at high and low expression values are also given.The survival curves for CLDN8
expression values as low and high seem to be not well separated, and high
expression values shows better survival
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Figure S25: Kaplan-Meier survival plot are shown for COL1A2 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.00083 .
The frequency distribution of COL1A2 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for COL1A2
expression values as low and high seem to be not well separated, and high
expression values shows better survival
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Figure S26: Kaplan-Meier survival plot are shown for CPM gene covariates,
genes expression values were split into low and expression values using ’max-
stat’ and ’survminer’ R-packages. Based on the log-rank test, the p-value is
0.0256. The frequency distribution of CPM gene covariates for number of sub-
jects at high and low expression values are also given.The survival curves for
CPM expression values as low and high seem to be not well separated, and low
expression values shows better survival
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Figure S27: Kaplan-Meier survival plot are shown for CWH43 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.018.
The frequency distribution of CWH43 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for CWH43
expression values as low and high seem to be not well separated, and low ex-
pression values shows better survival

Figure S28: Kaplan-Meier survival plot are shown for HHLA2 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.0032.
The frequency distribution of HHLA2 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for HHLA2
expression values as low and high seem to be well separated, and low expression
values shows better survival

31



Figure S29: Kaplan-Meier survival plot are shown for IFITM1 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.013.
The frequency distribution of IFITM1 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for IFITM1
expression values as low and high seem to be well separated, and low expression
values shows better survival
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Figure S30: Kaplan-Meier survival plot are shown for MT1G gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.034.
The frequency distribution of MTG1 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for MTG1
expression values as low and high seem to be not well separated, and low ex-
pression values shows better survival
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Figure S31: Kaplan-Meier survival plot are shown for NEBL gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.0021.
The frequency distribution of NEBL gene covariates for number of subjects at
high and low expression values are also given.The survival curves for NEBL
expression values as low and high seem to be well separated, and low expression
values shows better survival
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Figure S32: Kaplan-Meier survival plot are shown for NRC32 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.036.
The frequency distribution of NRC32 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for NRC32
expression values as low and high seem to be not well separated, and low ex-
pression values shows better survival
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Figure S33: Kaplan-Meier survival plot are shown for PDK4 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.0019.
The frequency distribution of PDK4 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for PDK4
expression values as low and high seem to be not well separated, and low ex-
pression values shows better survival
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Figure S34: Kaplan-Meier survival plot are shown for PLCE1 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.0028.
The frequency distribution of PLCE1 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for PLCE1
expression values as low and high seem to be not well separated, and low ex-
pression values shows better survival
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Figure S35: Kaplan-Meier survival plot are shown for REG18 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.00074.
The frequency distribution of REG18 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for REG18
expression values as low and high seem to be not well separated, and low ex-
pression values shows better survival
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Figure S36: Kaplan-Meier survival plot are shown for SELENBP1 gene covari-
ates, genes expression values were split into low and expression values using
’maxstat’ and ’survminer’ R-packages. Based on the log-rank test, the p-value
is 0.0026. The frequency distribution of SELENBP1 gene covariates for number
of subjects at high and low expression values are also given.The survival curves
for SELENBP1 expression values as low and high seem to be not well separated,
and low expression values shows better survival
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Figure S37: Kaplan-Meier survival plot are shown for SELENOP gene covari-
ates, genes expression values were split into low and expression values using
’maxstat’ and ’survminer’ R-packages. Based on the log-rank test, the p-value
is 0.0092. The frequency distribution of SELENOP gene covariates for number
of subjects at high and low expression values are also given.The survival curves
for SELENOP expression values as low and high seem to be not well separated,
and low expression values shows better survival
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Figure S38: Kaplan-Meier survival plot are shown for SLC26A3 gene covariates,
genes expression values were split into low and expression values using ’max-
stat’ and ’survminer’ R-packages. Based on the log-rank test, the p-value is
0.012. The frequency distribution of SLC26A3 gene covariates for number of
subjects at high and low expression values are also given.The survival curves for
SLC26A3 expression values as low and high seem to be not well separated, and
low expression values shows better survival
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Figure S39: Kaplan-Meier survival plot are shown for SLC51B gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.018.
The frequency distribution of SLC51B gene covariates for number of subjects at
high and low expression values are also given.The survival curves for SLC51B
expression values as low and high seem to be not well separated, and low ex-
pression values shows better survival
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Figure S40: Kaplan-Meier survival plot are shown for SMPDL3A gene covari-
ates, genes expression values were split into low and expression values using
’maxstat’ and ’survminer’ R-packages. Based on the log-rank test, the p-value
is 0.0098. The frequency distribution of SMPDL3A gene covariates for number
of subjects at high and low expression values are also given.The survival curves
for SMPDL3A expression values as low and high seem to be not well separated,
and low expression values shows better survival
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Figure S41: Kaplan-Meier survival plot are shown for TGFBI gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.0065.
The frequency distribution of TGFBI gene covariates for number of subjects at
high and low expression values are also given.The survival curves for TGFBI
expression values as low and high seem to be not well separated, and high
expression values shows better survival
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Figure S42: Kaplan-Meier survival plot are shown for THBS2 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.034.
The frequency distribution of THBS2 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for THBS2
expression values as low and high seem to be not well separated, and high
expression values shows better survival
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Figure S43: Kaplan-Meier survival plot are shown for THRB gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.023.
The frequency distribution of THRB gene covariates for number of subjects at
high and low expression values are also given.The survival curves for THRB
expression values as low and high seem to be not well separated, and high
expression values shows better survival
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Figure S44: Kaplan-Meier survival plot are shown for TMIGD1 gene covariates,
genes expression values were split into low and expression values using ’max-
stat’ and ’survminer’ R-packages. Based on the log-rank test, the p-value is
0.049. The frequency distribution of TMIGD1 gene covariates for number of
subjects at high and low expression values are also given.The survival curves for
TMIGD1 expression values as low and high seem to be not well separated, and
low expression values shows better survival
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Figure S45: Kaplan-Meier survival plot are shown for TSPAN7 gene covariates,
genes expression values were split into low and expression values using ’max-
stat’ and ’survminer’ R-packages. Based on the log-rank test, the p-value is
0.05. The frequency distribution of TSPAN7 gene covariates for number of sub-
jects at high and low expression values are also given.The survival curves for
TSPAN7 expression values as low and high seem to be not well separated, and
low expression values shows better survival
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Figure S46: Kaplan-Meier survival plot are shown for UGTA23 gene covariates,
genes expression values were split into low and expression values using ’max-
stat’ and ’survminer’ R-packages. Based on the log-rank test, the p-value is
0.015. The frequency distribution of UGT2A3 gene covariates for number of
subjects at high and low expression values are also given.The survival curves for
UGT2A3 expression values as low and high seem to be not well separated, and
low expression values shows better survival
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Figure S47: Kaplan-Meier survival plot are shown for UGT2B17 gene covari-
ates, genes expression values were split into low and expression values using
’maxstat’ and ’survminer’ R-packages. Based on the log-rank test, the p-value
is 0.04. The frequency distribution of UGT2B17 gene covariates for number of
subjects at high and low expression values are also given.The survival curves
for UGT2B17 expression values as low and high seem to be not well separated,
and low expression values shows better survival
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Figure S48: Kaplan-Meier survival plot are shown for C2orf88 gene covariates,
genes expression values were split into low and expression values using ’maxs-
tat’ and ’survminer’ R-packages. Based on the log-rank test, the p-value is 0.04.
The frequency distribution of C2orf88 gene covariates for number of subjects at
high and low expression values are also given.The survival curves for C2orf88
expression values as low and high seem to be not well separated, and low ex-
pression values shows better survival
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Figure S49: Kaplan-Meier survival plot are shown for BTNL8 gene covariates,
genes expression values were split into low and expression values using ’maxstat’
and ’survminer’ R-packages. The p-values for 0.0053. It based on the log-
rank test. The frequency distribution of BTNL8 gene covariates for number of
subjects at high and low expression values are also given.The survival curves for
BTNL8 expression values as low and high seem to be not well separated, and
low expression values shows better surviva
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Genes Cut-point Statitics Kaplan-Meier’s p-value Cox’s univariate model

ABCA8 4.632197 1.8274949 0.11 0.998
ABI3BP 7.010310 1.0958257 0.27 0.278
ADAMDEC1 8.644077 1.1372100 0.26 0.265
ADH1C 6.459947 2.2065107 0.002 0.00839
ADTRP 7.822743 1.2375474 0.22 0.235
AHCYL2 9.581542 1.3059404 0.19 0.203
AKR1B15 5.147255 1.9209306 0. 056 0.705
ANLN 9.461588 0.8069864 0.46 0.461
ANO5 4.604540 1.3049446 0.18 0.19
AQP8 7.152602 1.4868847 0.15 0.187
B3GALT1 4.235519 1.4969539 0.097 0.114
B3GALT5 6.045529 2.4451041 0.021 0.998
B3GNT7 9.559737 1.9631412 0.0039 0.0117
B4GALNT2 8.996425 1.9521336 0.079 0.998
BCAS1 9.299485 1.2295866 0.23 0.241
BEST2 6.322677 1.7801213 0.11 0.998
BEST4 6.465414 1.5422069 0 0.141
BGN 11.553536 1.5558936 0 0.0939
BTNL3 6.111923 2.3506845 0.014 0.0204
BTNL8 3.806826 2.4725119 0.0053 0.00972
C2orf88 6.275170 1.9491977 0.04 0.0484
C7 7.122526 1.5866441 0.066 0.0829
CA1 5.985038 2.3630856 0.017 0.0266
CA12 9.537640 0.7661677 0.43 0.435
CA4 9.274878 1.6586105 0.11 0.998
CA7 6.876373 1.3466084 0.18 0.191
CCDC68 7.332642 2.3153461 0.02 0.032
CCL28 7.282640 1.6928128 0.076 0.0894
CD177 7.606204 1.2306978 0.23 0.998
CEMIP 9.774903 3.1688748 < 0.0001 0.000427
CES3 7.537127 1.4155818 0.17 0.189
CHP2 6.483296 1.8651890 0.048 0.0615
CKAP2 9.260305 1.4914811 0.14 0.162
CLCA1 5.373063 1.3587558 0.2 0.998
CLCA4 6.781433 1.8163462 0.072 0.0866
CLDN8 4.361232 3.1950750 0.00034 0.00141
COL12A1 9.758141 1.2823102 0.2 0.208
COL1A2 11.085556 2.6259078 0.00083 0.00334
CPM 6.212414 2.0598185 0.026 0.0335
CSE1L 10.153949 1.9240268 0.072 0.108
CST1 6.179775 1.7671733 0.069 0.078
CWH43 4.935600 2.0017092 0.018 0
CXCL11 9.986176 1.7735900 0.098 0.998
DACH1 8.621711 1.8632909 0.055 0.0654
DHRS11 10.287727 1.5724906 0.14 0.999
DHRS9 5.922075 1.9182124 0.074 0.11
DPEP1 7.983664 1.5680051 0.071 0.0851
EDNRA 8.734531 1.4226132 0.17 0.187
FCGBP 7.352624 1.7392652 0.1 0.998
FFAR4 6.390046 1.8274949 0.11 0.998
FSIP2 5.709162 1.9740389 0.058 0.998
GCNT3 9.474899 0.9799007 0.37 0.331
GUCA2A 6.963690 1.2718879 0.19 0.21
GUCA2B 6.329748 1.6518976 0.096 0.106
HEPACAM2 5.225960 0.8470904 0.37 0.38
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HHLA2 7.685373 2.9288703 0.0032 0.0112
HPGDS 5.534665 1.7206239 0 0.0886
HSD17B2 6.823762 1.4177856 0.16 0.166
HSPH1 8.947362 1.1619097 0.25 0.279
IFITM1 11.406907 2.2106246 0.013 0.0203
INSL5 5.813695 1.7720523 0.081 0.096
ITGA2 9.224218 0.9319075 0.34 0.348
KLF4 8.080092 1.4659079 0.14 0.147
KRT23 6.031777 1.4358813 0.14 0.145
LGALS2 6.108948 1.2949345 0.18 0.199
LRRC19 6.664388 1.5025289 0.13 0.14
MACC1 9.903729 1.5030813 0.095 0.112
MS4A12 5.670922 1.1120316 0.27 0.284
MT1F 7.383773 1.6731498 0.09 0.0942
MT1G 7.511098 2.1218745 0 0.0435
MT1JP 5.202847 1.2681093 0.2 0.209
MT1M 6.979350 1.1748462 0.2 0.214
NEBL 8.633606 2.2306236 0.0021 0.00702
NPY6R 6.044571 1.3155645 0 0.199
NR3C2 7.235034 2.0621849 0 0.0463
NR5A2 7.380456 1.2444986 0 0.205
NXPE1 11.268339 1.4260051 0.16 0.998
NXPE4 8.198644 0.9927367 0.33 0.335
OTOP2 7.004650 1.8904455 0.067 0.087
PADI2 9.458345 1.7239760 0.068 0.0767
PDE9A 8.743276 1.4260051 0.16 0.998
PDK4 7.658229 3.0237214 0.0019 0.0049
PLA2G10 5.747461 1.8444135 0.052 0.0658
PLAC8 11.755154 1.6336358 0.13 0.998
PLCE1 7.410977 2.2065107 0.0028 0.00839
PLEKHS1 8.777803 2.4209717 0.021 0.998
PLS3 8.015867 1.4669127 0.1 0.117
PTGDR 6.312041 2.2664408 0.38 0.998
RCN1 7.213204 1.0656044 0 0.307
REG1A 7.802009 1.3029020 0 0.205
REG1B 3.638365 2.9268795 0 0.00233
RETNLB 5.993705 1.5017961 0 0.122
RNF152 7.575324 1.7562699 0 0.0748
RNF43 11.258183 1.5364996 0 0.0898
SCIN 5.423714 1.7466072 0.068 0.1229
SCNN1B 9.463176 1.0715414 0.22 0.23
SDCBP2 9.412971 1.6810095 0.13 0.998
SECTM1 7.607355 1.2644831 0.22 0.251
SELENBP1 9.522563 2.0577784 0.026 0.0371
SELENOP 7.817489 2.5278044 0.0092 0.015
SEMA6A 6.873450 1.0371581 0.29 0.295
SI 4.749546 1.9769617 0.021 0.0339
SKA3 8.053548 1.5666602 0.12 0.132
SLC26A2 7.116494 1.8210801 0.049 0.0654
SLC26A3 7.651851 2.3881366 0.012 0.0176
SLC30A10 7.260802 1.3088731 0.14 0.153
SLC4A4 5.394539 0.9977036 0.32 0.32
SLC51B 7.960078 2.3904962 0.018 0.0329
SLC6A6 9.957974 1.7712612 0.093 0.13
SLC7A11 9.659135 1.4282965 0.12 0.141
SLC9A2 8.359010 1.5804555 0.1 0.109
SMPDL3A 6.681505 2.0793702 0.0098 0.0198
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SPIB 5.918692 2.0303179 0.071 0.998
SPON1 6.647706 1.4384810 0.15 0.158
SRPX2 10.214748 1.0018457 0.35 0.369
ST6GALNAC1 10.378101 1.7847110 0.055 0.0641
ST6GALNAC6 8.165881 1.5600765 0.17 0.998
SULF1 9.872147 1.7447445 0.051 0.0636
SULT1A2 6.707778 1.7801213 0.11 0.998
TGFBI 11.958481 2.4387832 0.0065 0.0114
TGM2 10.013479 1.6665386 0.092 0.102
THBS2 9.540021 1.9173391 0.034 0.045
THRB 7.587652 2.0998205 0.023 0.0309
TMIGD1 5.465634 1.8894053 0.049 0.0581
TPH1 4.503589 1.6123212 0.16 0.998
TPX2 10.194024 2.0303179 0.071 0.998
TRPM6 6.367295 2.2566080 0.019 0.0263
TSPAN1 8.420535 0.9085963 0.32 0.335
TSPAN7 6.885392 1.8450689 0.05 0.0594
UGT2A3 5.131490 2.1779009 0.015 0.0236
UGT2B17 3.329015 1.9028456 0.04 0.0486
VCAN 7.513076 1.2379651 0.22 0.998
VSIG2 7.886068 1.6916435 0.1 0.123
VSNL1 9.540337 1.2136684 0.24 0.257
ZG16 10.901507 1.5616513 0.076 0.0924
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Table S4: The parametric models: Weibull, exponential, log-normal, log-
logistic, and Rayleigh based probability distribution are given. The estimated
parameters, standard errors and statistically significant parameters are marked
with ’*’, ’**’, and ’***’ for α significance values as: 0.1, 0.05 and 0.01.

Dependent variable: overall survival in days)

Weibull Exponential Log-normal Log-logistic Rayleigh

CLDN8 −0.951 −0.735∗ −1.356∗∗ −1.262∗∗ −0.359
(0.584) (0.424) (0.628) (0.618) (0.242)

HHLA2 0.912∗ 0.732∗∗ 1.027∗∗ 1.042∗∗ 0.439∗∗∗

(0.474) (0.334) (0.508) (0.510) (0.169)
NEBL 1.242∗∗ 1.110∗∗∗ 1.062∗ 0.981∗ 0.878∗∗∗

(0.509) (0.396) (0.560) (0.503) (0.274)
SELENOP 0.586 0.450 0.830 0.746 0.243

(0.418) (0.297) (0.509) (0.483) (0.158)
THBS2 0.207 0.160 0.027 0.128 0.066

(0.449) (0.334) (0.390) (0.381) (0.154)
Constant −12.516 −9.694 −10.649 −10.768 −4.897

(9.407) (6.979) (9.410) (8.495) (4.102)

Observations 41 41 41 41 41
Log Likelihood −109.406 −110.221 −107.867 −108.204 −122.674
χ2 (df = 5) 14.819∗∗ 17.600∗∗∗ 16.787∗∗∗ 16.718∗∗∗ 23.027∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table S5: Cox model: estimated parameter, hazard rate, standard error, z-
statistic and p-value (Likelihood ratio test=14.22 on 5 df, p=0.01428 n= 41,
number of events= 13)

Semi-parametric: Cox model

Parameters Coefficient exp(coeff) standard error z-statistic p-value
CLDN8 0.7175 2.0493 0.4157 1.726 0.0844
HHLA2 -0.6720 0.5107 0.3402 -1.975 0.0482
NEBL -0.9329 0.3934 0.4026 -2.317 0.0205
SELENOP -0.4384 0.6450 0.3136 -1.398 0.1621
THBS2 -0.1379 0.8712 0.3337 -0.413 0.6794
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Table S6: Validation of subset of gene covariates: HHLA2, NEBL, SELENOP,
and THBS2 as predictors external dataset

Dependent variable: overall survival in months

Weibull Exponential Log-normal Logl-ogistic Rayleigh

HHLA2 0.236∗∗ 0.527∗∗ 0.396∗∗ 0.286∗ 0.275∗∗∗

(0.111) (0.211) (0.181) (0.151) (0.105)
NEBL 0.369∗∗ 0.774∗∗∗ 0.371∗∗ 0.358∗∗ 0.426∗∗∗

(0.170) (0.295) (0.178) (0.167) (0.158)
SELENOP −0.238 −0.527 −0.244 −0.220 −0.277

(0.174) (0.390) (0.216) (0.185) (0.190)
THBS2 −0.029 −0.070 −0.074 −0.037 −0.034

(0.199) (0.471) (0.186) (0.206) (0.236)
Constant 4.729∗∗∗ 6.481∗∗∗ 4.900∗∗∗ 4.674∗∗∗ 4.965∗∗∗

(0.473) (0.518) (0.501) (0.449) (0.266)

Observations 100 100 100 100 100
Log Likelihood −46.136 −48.689 −46.380 −46.511 −46.263
χ2 (df = 4) 13.381∗∗∗ 12.326∗∗ 13.102∗∗ 12.750∗∗ 13.174∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table S7: Comparing models performance based on log-likelihood, AIC and BIC
for probability distributions namely: Weibull,Exponential, Log-normal, Log-
logistic and Rayleigh

Model comparison based on log-likelihood, AIC and BIC
Distribution Log-likelihood AIC BIC
Weibull 73.465 81.465 88.319
Exponential 74.398 80.3982 85.39
Log-normal 217.820 225.820 232.674
Log-logistic 74.359 82.359 89.214
Rayleigh -122.700 257.347 267.629
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Table S8: Check for proportional hazard assumptions

Cox proportional hazard assumptions
Parameters chi-square df p-value
CLDN8 0.6058 1 0.44
HHLA2 0.0325 1 0.86
NEBL 1.4081 1 0.24
SELENOP 0.6326 1 0.43
THBS2 0.7312 1 0.39
GLOBAL 3.7878 5 0.58

Table S9: Validation for HHLA2 gene on cell-lines: name of the cell line, dCT,
values, fold change and FC on log2 are given

Cell-lines validation for HHLA2 gene

Cell lines dCT Fold Change FC log2
CCD841 0.0000 1.0000 0.0000
CACO 3.6562 0.0793 -1.1006
HCT116 7.7091 0.0048 -2.3207
SW620 2.1030 0.2328 -0.6331
SW480 7.1353 0.0071 -2.1479
RKO 5.0302 0.0306 -1.5142
HCT8 3.2896 0.1023 -0.9903
HT29 0.4305 0.7420 -0.1296
DLD 6.5594 0.0106 - 1.9746
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