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Comparative study between fixed effect model and random effect model

in meta-analysis with application to acute lymphoblastic leukemia(ALL)

Abstract:

The phenomenon of acute lymphoblastic leukemia(ALL) is an
important field of study, and in this study, the meta-analysis methodology of
20 randomized controlled trials was used to investigate the prognostic impact
of mutations in (ALL), The study used fixed effects and random effects models
to study odds ratios, the number of controls and cases event-free with hazard
ratios. The study conducted subgroup analyzes based on population status and
mutation, after retrieving relevant studies.

Fixed effects models and random effects models are two common statistical
models for meta-analysis, and it may be misunderstood that these two models
can be used interchangeably due to their use of similar sets of formulas to
generate statistics and sometimes produce identical estimates for certain
parameters. The study concluded that the best estimate of the risk ratio under
publication bias was the Hunter-Schmidt method because it reduced the

variance between studies.

Keywords : meta-analysis; fixed-effects; random-effects; Acute

Lymphoblastic Leukemia, Randomized Controlled trials (RCTSs)
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1. Introduction

Acute lymphoblastic leukemia (ALL) is a disease that affects lymphoid
cell tissues in a variety of ways. Precursor B-cell ALL (B-ALL) is the most
frequent immunological subtype, and the Philadelphia chromosome (Ph-
positive ALL) is the most common genetic defect in B-ALL, seen in about
one-quarter of adult patients. Allogeneic hematopoietic stem cell
transplantation (HSCT) is suggested after consolidation. For information of
leukemia seeFaderl et al. (1998), Fielding (2011), Reaman and Smith (2014)
and lacobucci and Mullighan (2017).

Leukemia's rising prevalence poses a menace to human development
and cancer control worldwide. Population aging, population growth, and huge
industrial pollution, particularly from the establishment of large-scale
petrochemical industrial complexes (PICs), are the main causes of an increase
in leukemia incidence, see Fitzmaurice et al.(2018), Reynolds et al. (2003).
Sharma et al. (2017) have shown Benzene and other pollutants used in the
petrochemical manufacturing process to berecognized as important causes of
leukemia see Buffler et al. (2005).

Meta-analysis is only partially a set of statistical procedures, as the
other articles in this issue reveal. However, the statistical component makes up
a significant portion of what a meta-analysis entail. We focus on the decisions
made by a meta-analyst when doing such a review, with a specific focus on
how these decisions affect the validity of meta-analysis conclusions. We hope
that by scrutinizing the decisions made during a meta-analysis, others will be

aware of the ways in which biases and subjectivity might influence the results
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reached from meta-analytic data. WWe provide prescriptions and suggestions for
dealing with bias and subjectivity in meta-analysis whenever possible. In the
literature study, we also explore the costs and benefits of quantification in

general.

A variety of meta-analysis models can be used to incorporate summary
statistics from each study, which are categorized as fixed-effect models, in
which studies are weighted according to the amount of information they
contain; or random effects models, in which studies are weighted using an
estimate of inter-study variance (heterogeneity). A forest plot, where results
from each research are presented as a square and a horizontal line, reflecting
the intervention effect estimate and its confidence interval, is usually included

in the meta-analysis.

We've shown how meta-analysis is used to combine effect sizes from
individual studies to try to determine true effect sizes (i.e., effect sizes in a
population). Fixed-effects and random-effects models are two ways to think
about this process. Hedges (1992) and Hedges and Vevea (1998) do an

excellent job of explaining the differences between these models.

The study assumes that all the studies included in the meta-analysis
have the same effect size in the population because, in essence, the effect sizes
in the community are fixed, but they are not known constants in the fixed
effect model. (Hunter & Schmidt, in press). The homogeneous case is the

name given to this scenario.
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Another explanation is that the population impact sizes differ at random
from one study to others. Each research in a meta-analysis in this situation
comes from a population with a different effect size than the other studies in
the meta-analysis. As a result, population effect sizes can be conceived of as
being drawn from a vast array of possible outcomes the kind of
"superovulation” (Hedges, 1992, Becker, 1996). The heterogeneous case

describes this issue.

We begin in section 2 with presentation of data description model
specification.The comparison of two competing models for fixed and random
experimental effects has been shown in section 3. We proceed to examine and
illustrate the estimation methods analysis such as maximum likelihood,
Dersimonian-Laird, Sidik-Jonkman, Hedges-estimator, and Hunter-Schmidt

methods in section 4. The applied study is shown in section 5.
2. Data Description

Some authors such as (Al-Achkar etal.,2014), (Razmkhah etal., 2011), (Aydin
etal.,2006)and (Jiang etal.,2008) used meta-analysis to study the relation
among CYP1A1 polymorphisms and risk of leukemia(ALL,AML,CML).They
found that A24 55G GG genotype might have an increased risk of ALL and
there is no association between CYP1A1*2C polymorphism AG and AML
patients.

Also,(Taspinar etal.,2008) studied the influence of cytochromes
P450(CYP450)1A1*2C insusceptibility to chronic myeloid leukemia
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(CML).They concluded that polymorphic CYP1Al andGSTT1 genes appear
to affect susceptibility to CML.

Studying the risk of childhood acute leukemia (ALL) has been
introduced by (Bonaventure etal.,2012) by exploring the interactions between
prenatal exposure to maternal smoking and polymorphisms in metabolic
genes. This study concluded that there is no relation between maternal
smoking and any of the polymorphisms under study. Also,(Saenz, etal.,2018)
to diagnose childhood leukemia and relapse or death, it assessed the
relationship between overweight/obesity (body mass index > 85 percent). This
study did not find any significant associations between overweight/obesity and
relapse or mortality due to the small sample size, while the results of meta-
analyses revealed an increased risk of death for overweight/obese patients. In
addition, the findings may suggest a possible association between obesity and

relapse that may be restricted to children less than 10 years old.

(Bolufer etal., 2007) delibratedcommon polymorphisms in the genes for
glutathione S-transferase (GST), cytochrome P450 (CYP), quinone
oxoreductase (NQO1), methylene tetrahydrofolate reductase (MTHFR), and
thymidylate synthetase (TYMS) and the role of gender associated with the
susceptibility to de novo acute leukemia (AL). They concluded that gender
might influence the risk of (AL) associated with these genetic polymorphisms.
(Krajinovic, etal.,1999) Examined the glutathione S-transferase and
cytochrome P450 genes in determining susceptibility to pediatric cancers. The
results have been suggested that the risk of ALL may actually be associated

with xenobiotics-metabolism, and thus with environmental exposures.
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Explaining the associations of three CYP1A1 polymorphisms (T3801C,
A2455G, and C4887A) with risks of acute lymphoblastic leukemia (ALL),
acute myeloid leukemia (AML), and chronic myeloid leukemia (CML) using a
meta-analysis, has been introduced by (Jiang etal.,2008).The results indicated
that Asians carrying the T3801C allele C may be at increased risk of acute
myelogenous leukemia (AML) and Caucasians with the A2455G GG

genotype may have an increased risk of ALL.

A study of (Yamaguti etal., 2009) Studied the environmental exposure
to benzene and tobacco’s polycyclic aromatic hydrocarbons (PAH) has been
associated with an increased risk for acute myeloid leukemia (AML). The
study showed that the increased risks of AML related to the variant genotypes
of the CYP1A1 T6235C, CYP1A1 A4889G and NQO1 C609T polymorphisms,
isolated and particularly combined, suggest that the inherited abnormalities of
these carcinogens’ detoxification pathways are important determinant of the

disease in their country.

A study (Agha etal., 2014) analyzed the frequency of CYP1A1 allelic
variants in Egyptian patients with ALL, to assess their role in the development
of ALL and then correlate these allelic variants with clinical and biological
characteristics of the patients. Their results suggested that polymorphic
variants in the CYP1Al1*4 gene may raise the risk of childhood ALL,
particularly in male patients aged 2-10 years. Also, (Alexandar etal.,2018)
determined the efficacy and risks of levofloxacin prophylaxis in children
receiving intensive chemotherapy for acute leukemia or undergoing HSCT.

Among children with acute leukemia receiving intensive chemotherapy,
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receipt of levofloxacin prophylaxis compared with no prophylaxis resulted in
a significant reduction in bacteremia and (Valenzuela etal.,2020) performed a
phenotypic and functional characterization of NK cells in ALL Mexican
children now of diagnosis and before treatment initiation. A case-control study
was conducted by the Mexican Interinstitutional Group for the Identification
of the Causes of Childhood Leukemia (MIGICCL).They concluded that there
was positive correlation between low SAP expression and decreased NK cell-

mediated cytotoxicity was observed in ALL patients.

Carrying out a cohort analysis has been studied by (Tyneretal.,2018) to
determine the correlation between drug sensitivity patterns and mutational
events or gene expression levels. They showed that the response to drugs is
related to mutational status, containing instances of drug sensitivity that are

specific to combinatorial mutational events.

Discussing the nuances of common AML trial endpoints and their data
presentation introduced by (Medeiros, B.,2018) to better inform evaluation
and understanding of clinical trial data. (Paz, etal.,2018) reported Galectin-1 at
various levels in and on different subclasses of BP-ALLs. The effects of
Galectin-1 inhibition on both BP-ALL cell proliferation and migration suggest
both the leukemia cells as well as the microenvironment that protects these

cells may be targeted.

A research of (Jabbour & Kantarjian, 2018) Discuss the cytogenetic and
molecular criteria for patients undergoing treatment. Also introduced (Jaksi¢,
etal., 2018) new therapies based on the results of first-line, multicenter,

randomized trials of salvage therapy. They show that new therapeutic
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research, including genetic diagnosis, offers new options that may eventually
lead to time-limited therapies without chemotherapy and more effective

clinical care for B-CLL based on individualized precision medicine.

In this research, we look at the results of a meta-analysis of numerous
acute leukemia treatments. This research includes data from twenty studies of
leukemia from pubmed. site. The data contains the number of patients, risk
ratio, publication year and number of events for experimental and control
group of each study. O based on this systematic review of these studies we
will depend on the data of 20 study of ALL.

3. Model Specification

There are three types of statistical models for meta-analysis: the fixed
effects models, random effects models and mixed effects models
(Heges,1992).1n this paper we will show the first two types. In this section we
describe the difference between fixed and random effects meta-

analysis(Kelley and Kelley,2012).
3.1. Fixed effects model

This model assumes that all observed variations are caused by within-
study sampling errors. Thus, since all studies are assumed to measure the same
overall effect, the effect size represents quantative measure of the phenomena
of the research. It indicates a difference between two groups from using tests
of statistical significance. The effect size concentrates on the weight of the

difference between groups rather than the sample size. There are various types
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of effect size in this research, we use effect size based onodds ratio and risk

ratio.

The odds ratio take the form: -

— H11H22
HIZHZI

B (D

Where: -

[T11: —The ratio of exposed risk units of both variables;X, Y.

[112: -The ratioof exposed risk of variable X to the non-exposed risk unit of
variableY.

[121: -The ratio of non-exposed risk of variable X to the expose risk unit of
variableY

[122: - The ratio of non-exposed risk of the two variables;X, Y.

Also, the risk ratio represents the ratio of the probability of an outcome

in an experimental group to the probability of an outcome in control group: -

Risk Ratio = ¢ 2
is aw—CIC (2)

Where: -
CI,: —The cumulative incidence in the experimental group.
CI.: — The cumulative incidence in the control group.
The fixed effects model can be denoted as:
Bx=B+e , & ~N(0,1)(3)

Where:
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£. represents the sampling error for B,.

In view of the fixed effects model, the observed effects are sampled
from the real effect distribution B and the variance ¢2. More weight is given to
studies with more information because all studies aresampled from a
population with an effect size p and we are dealing with a single source Only
for sampling error - within studies. Each study is weighted by sample size.

Each study has its description as follows: -

Where: -

v;. represents the within—study variance for study(i).

We note that the combined effect exceeds the estimation of the
combined effect size, since we assume that the true effect is shared by all
included studies.

Under fixed-effects models, the accuracy of the joint effect is the only
source of error when estimating the combined effect as the random error in the
studies. Therefore, the error will tend towards zero as the sample size
increases sufficiently. This is achieved whether the large sample is confined to
one study or distributed across many studies.

3.2. Random effects model: -

Under this model the combined effect size cannot represent the only
common effect as there is no single true effect but there is a distribution of
true effect sizes and thus represents instead the mean of the population of true
effects.
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When assigning weights to estimate the true effect, we need to deal with
both the source of sampling error within studies and between studies, since the
random effects model has two sampling levels and two sources of error
(Borenstein et al., 2007).

This model can be referred to as: -
Br=B+oy+e , & ~N(O1) (4)
Where: -

oy, represents sample estimation of var(fy).

The main aim of a meta- analysis will often be to estimate the overall,
or combined effect. We could simply compute the mean of the effect sizes if
all studies in the analysis were equally precise. In contrast, if some studies
were more precise than others, we could assign more weight to the studies that
carried more information.So, we compute aweighted mean of the effect sizes
with more weight given to some studies and less weight given to others rather

than compute a simple mean.

The assigned weight for each study is: -

1

W, = (5)

t vi+T;

Where: -
v; is the within —study variance for study (i).

;1S the between study variance for study (i).
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To compute the precision of the combined effect sizesaccording to this
model which has two levels of sampling and two levels of errors, each study is
used to estimate the true effect in a specific population first. Second, all the

true effects are used to estimate the meaning of the true effects.
4. Estimation Methods: -

In the following, we consider the commonly used Dersimonian and
Laird(DL), Maximum Likelihood (ML), Sidik Jonkman, Hedges estimator,
and Hunter Schmidt.

4.1 Maximum Likelihood (ML) Method

For a meta — analysis with m studies a model for trend estimation can be

written: -
Vi = ﬁixi + & = 1,2, ...... ,m (6)
where var(g;) = £,

If we consider a random- effects model, we can further assume that 5;

has a normal distribution, as:

pi~N(B,7%)

f boths2; and 72 are given, the estimate of Bcan be calculatedby using

maximum likelihood method. As:

m TAH—1
A 2= Xi i Vi 7

which depends on 72.
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Thus, the CI of S based on the random- effects model can be

constructed as e follows:
. _1
B+ 2e(Sikyxl 071x) ®
where Za is the% upper quantile of the standard normal distribution.
2

4.2 Dersimonian and Laird method

From the estimation of the effect size under random effects models, we get the

variance of S as follows:

A 1
var(Br) = TS 9)

Thus, the Dersimonian and Laird estimation of effect size is(Shi,
etal.,2015):

B+ Za(Tlxl Zix) % (10)

Where:-

4.3 Sidik and Jonkman CI Method: -

To construct CI in meta-regression models, weuse the fact that:

Z()’i—ﬁin)Tzi_l(Yi — Prx)~xt_1  (11)
i=1
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We know that:

Br— B/ (TR x] £7Mx;) 2
\/2§11(Yi—Bin)TZ'i_1(yi — Bpx;)/N — 1

has t—distribution withN — 1 degrees of freedom,which leads tothe following

approximate ClI: -

—~ T —~
5 vi-Brxi) 7 (vi—PBrxi -
ﬁRJ_rtN_Lg\/Z?;l( ) ~ Dicbext) _ g ym T 571x,(12)

wheret,, _, « is the upper % quantile of the related t- distribution.

N|R

4.4 Hunter-Schmidt method

This method assumes that between —studies variance is small, so it will
underestimate the standard error and overestimate Z if between- studies
variance is not small (Anker, etal., 2010). The Hunter and Schmidt (2004)

estimator is given by: -

tye = max {0, ol } (13)

X WiRE
5. AppliedStudy

Meta- analysis is used to collect results from various studies to achieve
high level of statistical precision unlike the estimations based on a single

study.
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The effects size contains many measures such as odds ratio, risk ratio and
effect size based on correlation. This section will depend on risk ratio to

compute the effect size of chemotherapy on decreasing the leukemia risk.

This section contains the application of leukemia patient's data on the random
effects model of twenty studies. Also, it covers the parameters estimation of
this model by various methods of estimation and a comparison between these

methods.
The data set includes the following:

1-Risk ratio of each study (Effect Size).

2- Number of experimental cases.
3-Number of controls.

4-Number of events for experimental group.
5- Number of events for control group.

6- publication year of each study.

Tablel: The Risk ratio, Confidence interval and weight of fixed effects model and
Random effects model of each study.

Study Risk 95% ClI Weight Weight
Ratio (Fixed) (Random)
1 34.09 [2.04; 570.44] 0.2% 1.2%
2 3.78 [0.16; 91.90] 0.2% 1.0%
3 0.37 [0.02; 8.92] 0.2% 1.0%
4 0.28 [0.05; 1.52] 0.6% 2.9%
5 0.32 [0.07; 1.52] 0.7% 3.2%
6 0.40 [0.02; 8.39] 0.2% 1.1%
7 0.89 [0.53; 1.52] 6.5% 8.7%
8 0.09 [0.00; 1.49] 0.2% 1.2%
9 3.82 [1.90; 7.69] 3.7% 7.4%

111



10 1.50 [0.55; 4.10] 1.8% 5.5%
11 0.88 [0.08; 9.63] 0.3% 1.6%
12 1.61 [0.27; 9.55] 0.6% 2.6%
13 1.06 [0.53; 2.09] 3.9% 7.5%
14 1.17 [0.88; 1.56] 22.1% 10.3%
15 2.54 [0.30;21.60] 0.4% 2.0%
16 2.23 [1.54; 3.22] 13.3% 9.8%
17 5.13 [1.76; 14.91] 1.6% 5.1%
18 0.72 [0.56; 0.92] 30.4% 10.5%
19 1.00 [0.57;1.74] 5.9% 8.5%
20 1.00 [0.60;1.66] 7.1% 8.9%

Tablel contains risk ratio and weight of each study from published
studies under fixed effects model and random effects model, where the weight

. . 1 .
equals the inverse of the variance W; = — iv; = & represents the variance

L

within studies under fixed effects model and represents the variance within
studies in addition to the variance between studies under random effects
modelv; = ¢ + 1;.

For effect size (Risk ratio), the first study represents the highly effect
size from all twenty studies and this means that the number of experimental
cases is greater than the number of control cases. For weight: the highest
weight was 30.4% for fixed effects model and 10.3% for random effects

model.
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Figure (1): the forest plot of single studies of acute lymphoblastic leukemia
The forest plot in figure(1), shows all results of all studies in one graph.

The points represent risk ratio of each study, the lines represent confidence
intervals estimations of contribution of each study in meta- analysis. The
vertical line shows that there is no any significant difference between
experimental and control group, so, from this graph it can be determined
which study is significant. So, from this plot we can see that the significant

studies are the first, eighth, sixteenth and seventeenth study.

113



Table(2): Overall effect size estimation of fixed effects model and random effects
model of single studies.

Fixed effects model | 1.1149 |[o 9743; 1.2757] |1 58 |

Random effects model | 1.2506 [J[0.8991; 1.7345] 33

From table (2) we can find that the effect size of fixed effects model is
smaller than the one of random effects modelwhere the studies has been taken

from the same population.

Table(3): The estimation of variance between studies of random effects

model.

12

0.2536 ] 69.9% || 1.82

Table (3), represents the estimation of the variation of effect size
between studies, where:-

72represents the variation between effect size and it represents small value,

12 represents the ratio of variability between effect size estimations.

So from previous table we found that there is a heterogeneity between studies.
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Figure (2): The radial plot of risk ratio of each study

The radial plot is used to compare the estimations which are different in

their accuracy, so it represents scatter plot of standard estimations versus the

inverse of standard erroré , In addition, it is used to show the heterogeneity

of data. Studies with higher weight are close to the Y axis where the symmetry
line begins from the point (0, 0). The studies that lies between confidence
intervals lines represent homogeneous studies, and the studies that lies outside
the symmetry line represent extreme values. From the previous figure there

are five studies lies outside the lines and represents extreme values.
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Figure (3). The funnel plot of risk ratio of each study.

The funnel plot represents in figure (3) scatter plot of effect size
estimations from single studies versus the accuracy of each published study.
This plot is used to test the presence of publication bias. So, the studies with
high precision are close to the mean in contrast to the studies with low
precision that are spread on the plot sides and the deviation from this plot
performs publication bias. From the previous plot, there is a publication bias

because of the presence of some studies on the right side of the plot.
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Table 4: The estimation methods of the effect size.

Method Estimate || SE Z- P- Confidence
Value Value Intervals

Maximum Likelihood |0.2013 IO.2347IO.8575 IO.3912 I[-O.2588, -0.6613]

|Sidik-Jonkman |0.2238 0.3127§ 0.7156 (J0.4742 [-0.389,0.8366]

I Hedges Estimator I 0.2199 O 2964 O 7420 O 4581 [ 0.3610, 0.8009]
Hunter- Schmldt O 1983 2270 O 8736 O 3823 || [-0.2466, 0. 6432]

Dersimonian and 0.24 [-0.2618, 0.67]
Laird

From table(4) we can find that the largest effect size is the estimate of

Sidik- Jonkman method and this means that the number of experimental cases
is greater than the number of controls, while the other methods represent less

effect size.

Table 5: The test of heterogeneity of single studies.

[o_arfevau

From table(5) the test of heterogeneity is significant and this represents

that there is variation between studies.

Table 6: Ratio of variation between studies (variance between studies).

B

|70% |O.2536
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From table (6), the variance between studies is large and significant. This
means that there is variation between studies, and they have been taken from

different populations.

Table7: The test of heterogeneity of each estimation method.

I Maximum Likelihood @E@I
I Sidik-Jonkman @E@I
I Hedges estimator @E@

I Hunter-Schmidt I51.1405 @I <0.0001

IDersimonian and Larid I51.14 EI <0.01

The test of heterogeneity of each method according to table (7) is significant.

This indicates that there is heterogeneity between studies.

Table8: Comparison between estimation methods under publication bias problem.

Maximum Likelihood || 0.5264 [10.2347 [ 62.23%
Sidik-Jonkman 1.2351 | 0.3127 [ 79.45%

Hunter-Schmidt 0.4723 [ 0.2270 I 59.659%
Dersimonian and Laird 62.85%

From table (8), the best estimation of risk ratio under publication bias problem

iIs Hunter-Schmidt method because it has decreased the variation between

studies (Variance between studies), standard error and ratio of variation.
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Figure (4): Shows the funnel plot of log effect size.

From figure (4) the effect size closes to the mean, and this means that the

overall estimation decreases the publication bias problem.
Conclusion

In this paper we proposed two models of meta-analysis to estimate the
parameters of these models under methods of estimation. The data includes
the patients of leukemia, and we estimate the odds ratio as an estimator of the
effect size. We concluded that the best estimation of the risk ratio under
publication bias is Hunter-Schmidt method because it decreased the variation

between studies.

119



References

. Agha A, Shabaan H, Abdel-Gawad E, El-Ghannam D. Polymorphism of
CYP1AL1 gene and susceptibility to childhood acute lymphaoblastic leukemia
in Egypt. Leuk Lymphoma. 2014;55(3):618-623.

. Al-Achkar W, Azeiz G, Moassass F, Wafa A. Influence of CYP1Al, GST
polymorphisms and susceptibility risk of chronic myeloid leukemia in Syrian
population. Med Oncol. 2014;31(5):889.

. Alexander, S., Fisher, B. T., Gaur, A. H., Dvorak, C. C., Luna, D. V., Dang,
H., ... & Sung, L. Effect of levofloxacin prophylaxis on bacteremia in
children with acute leukemia or undergoing hematopoietic stem cell
transplantation: a randomized clinical trial.(2018); Jama, 320(10), 995-1004.

. Anker, A. E., Reinhart, A. M., & Feeley, T. H. Meta-analysis of meta-
analyses in communication: Comparing fixed effects and random effects
analysis models. (2010); Communication Quarterly, 58(3), 257-278.

. Aydin-Sayitoglu M, Hatirnaz O, Erensoy N, Ozbek U. Role of CYP2D6,
CYP1Al, CYP2E1, GSTT1, and GSTM1 genes in the susceptibility to acute
leukemias. Am J Hematol. 2006;81(3):162-170.

. Balta G, Yuksek N, Ozyurek E, et al. Characterization of MTHFR, GSTML,
GSTT1, GSTP1, and CYP1AL1 genotypes in childhood acute leukemia. Am J
Hematol. 2003;73(3):154-160.

. Bolufer P, Collado M, Barragan E, et al. The potential effect of gender in
combination with common genetic polymorphisms of drug-metabolizing
enzymes on the risk of developing acute
leukemia. Haematologica. 2007;92(3):308-314

120



8. Bonaventure A, Goujon-Bellec S, Rudant J, et al. Maternal smoking during
pregnancy, genetic polymorphisms of metabolic enzymes, and childhood
acute  leukemia: the ESCALE study (SFCE) Cancer Causes
Control. 2012;23(2):329-345.

9. Borenstein, M., Hedges, L., & Rothstein, H. Meta-analysis: Fixed effect vs.
random effects. Meta-analysis. com.

10.Buffler, P. A., Kwan, M. L., Reynolds, P., & Urayama, K. Y. Environmental
and genetic risk factors for childhood leukemia: appraising the
evidence. Cancer investigation,2005; 23(1), 60-75.

11.Faderl, S., Kantarjian, H. M., Talpaz, M., & Estrov, Z. Clinical significance
of cytogenetic abnormalities in adult acute lymphoblastic leukemia. Blood,
The Journal of the American Society of Hematology, (1998); 91(11), 3995-
4019.

12.Fielding, A. K. Current treatment of Philadelphia chromosome—positive acute
lymphoblastic leukemia. Hematology 2010, the American Society of
Hematology Education Program Book, 2011;(1), 231-237.

13.Fitzmaurice, C., Akinyemiju, T. F., Al Lami, F. H., Alam, T., Alizadeh-
Navaei, R., Allen, C., ... & Yonemoto, N. Global, regional, and national
cancer incidence, mortality, years of life lost, years lived with disability, and
disability-adjusted life-years for 29 cancer groups, 1990 to 2016: a systematic
analysis for the global burden of disease study. JAMA
oncology,(2018); 4(11), 1553-1568.

14.lacobucci, I., & Mullighan, C. G. Genetic basis of acute lymphoblastic
leukemia. Journal of Clinical Oncology, (2017); 35(9), 975.

121



15.Jabbour, E., & Kantarjian, H. Chronic myeloid leukemia: 2018 update on
diagnosis, therapy and monitoring. American journal of
hematology,(2018); 93(3), 442-459.

16.Jaksi¢, B., Pejsa, V., Ostoji¢-Koloni¢, S., Kardum-Skelin, 1., Basi¢-Kinda, S.,
Coha, B., ... & KROHEM Guidelines for Diagnosis and Treatment of
Chronic Lymphocytic Leukemia. Krohem B-CIl 2017. (2018). Acta Clinica
Croatica, 57(1), 190.

17.Jiang L, Chen M, Qin G. Association between the polymorphisms of
cytochrome P4501A1 and glutathione S-transferase M1, T1 Genes and acute
myeloid leukemia in Guangxi. Guangxi Med J. 2008;80:464-466.

18.Kelley, G. A., & Kelley, K. S. Statistical models for meta-analysis: a brief
tutorial. World journal of methodology,(2012); 2(4), 27.

19.Krajinovic M, Labuda D, Richer C, Karimi S, Sinnett D. Susceptibility to
childhood acute lymphoblastic leukemia: influence of CYP1Al, CYP2DG6,
GSTML1, and GSTT1 genetic polymorphisms. Blood. 1999;93(5):1496-1501.

20.Majumdar S, Mondal BC, Ghosh M, et al. Association of cytochrome P450,
glutathione S-transferase and N-acetyl transferase 2 gene polymorphisms
with incidence of acute myeloid leukemia. Eur J Cancer Prev. 2008;17
(2):125-132.

21.Medeiros, B. C. Interpretation of clinical endpoints in trials of acute myeloid
leukemia. Leukemia research,(2018); 68, 32-39.

22.Paz, H., Joo, E. J., Chou, C. H., Fei, F., Mayo, K. H., Abdel-Azim, H., ... &
Heisterkamp, N. Treatment of B-cell precursor acute lymphoblastic leukemia
with the Galectin-1 inhibitor PTX008. Journal of Experimental & Clinical
Cancer Research,(2018); 37(1), 1-15.

122



23.Razmkhah F, Pazhakh V, Zaker F, Atashrazm F, Sheikhi M. Frequency of
CYP1A1*2C polymorphism in patients with leukemia in the Iranian
population. Lab Med. 2011;42 (4):220-223.

24.Reaman, G. H., & Smith, F. O. (2014). Childhood leukemia. Springer.

25.Reynolds, P., Von Behren, J., Gunier, R. B., Goldberg, D. E., Hertz, A., &
Smith, D. F.Childhood cancer incidence rates and hazardous air pollutants in
California: an exploratory analysis. Environmental Health
Perspectives, (2003);111(4), 663-668.

26.Saenz, A. M., Stapleton, S., Hernandez, R. G., Hale, G. A., Goldenberg, N.
A., Schwartz, S., & Amankwah, E. K. Body mass index at pediatric leukemia
diagnosis and the risks of relapse and mortality: findings from a single
institution and meta-analysis. Journal of obesity, 2018.

27.Sharma, A., Sharma, P., Sharma, A., Tyagi, R., & Dixit, A. Hazardous
Effects of Petrochemical Industries: A. petrochemical technology, (2017); 13
(3), 1-7.

28.Sidik, K., & Jonkman, J. N. A simple confidence interval for
meta- analysis. Statistics in medicine, (2002); 21(21), 3153-3159.

29.Taspinar M, Aydos SE, Comez O, Elhan AH, Karabulut HG, Sunguroglu A.
CYP1Al1, GST gene polymorphisms and risk of chronic myeloid
leukemia. Swiss Med Wkly. 2008;138(1-2):12-17.

30.Tyner, J. W., Tognon, C. E., Bottomly, D., Wilmot, B., Kurtz, S. E., Savage,
S. L., ... & Druker, B. J. Functional genomic landscape of acute myeloid
leukaemia. Nature,(2018); 562(7728), 526-531.

31.Valenzuela-Vazquez, L., Nuifez-Enriquez, J. C., Sanchez-Herrera, J.,

Jiménez-Hernandez, E., Martin-Trejo, J. A., Espinoza-Hernandez, L. E., ... &

123



Cruz-Munoz, M. E.Functional characterization of NK cells in Mexican
pediatric patients with acute lymphoblastic leukemia: Report from the
Mexican Interinstitutional Group for the Identification of the Causes of
Childhood Leukemia. PloS one,(2020); 15(1),

32.Veroniki, A. A., Jackson, D., Viechtbauer, W., Bender, R., Bowden, J.,
Knapp, G., ... & Salanti, G. Methods to estimate the between- study variance
and its uncertainty in meta- analysis. Research synthesis
methods,(2016); 7(1), 55-79.

33.Yamaguti GG, Lourenco GJ, Costa FF, Lima CS. High risk of ‘de novo’
acute myeloid leukaemia in individuals with cytochrome P450 Al (CYP1Al)
and NAD(P)H:quinone oxidoreductase 1 (NQO1) gene defects. Eur J
Haematol. 2009;83(3):270-272.

124



A kel gamad) Sl & Al gudad) <l Ul gz dlad g A o B gz Mladl 4Gl Al o
L,SJL&":‘”‘ e.ﬁ\ Q&Ju QU\*\

soaliiual)

alatind 5 Al all s3a 8y e Hall Lala Ylaa dlall (5 glaailll aall Gl o a5 el Jias
al ol sy Alia¥) VY (andl Gllig 4 sl oSa Aglas 20 I gl Jaladll dagia
Gt Al Al A sfiall ol il 5 Al Al il Al Al Caeadiul alall s gliall
el al Al Al Caaldy | ladll Gy A yall Alal) Cilas g dae g aSall s g 230 dgaa )Y
13 sl jall Ara ye 2ey il ) g Al al) adine s e 2l Ao il e ganall A
Al

csrall Jalaill (el (pailian) Cpad gt 4 sl ol 3l o 3lad g A ) o 3las Jiad
Cle sane agaladin |l Jolilly agaladinl Sy eadsaill Goda of (ala (S agdy S8 g
Alaie <) i e Jgandl gla¥l (mmy iy Glebany) iy claledl (e Al
ol 58 Jumdl o Aol Gliag AY) aas Gabl Hhadll A s aladiulyy allall
bl G ) e Cumid LY Hunter-Schmidt 46 b s il s b 8 llal
:dalidall cilalsl)

ASaill A slae caall (5 slaaalll aall Uy ¢ siliadl ol il Al ol il (an) Jalal)
400 il

125



