



Review Article

Meta-Analysis as a Tool for Evidence-Based Research: A systematic research methodology

Abstract:

Meta-analysis is a quantitative approach used to combine findings from multiple independent studies, improving the precision and reliability of scientific conclusions. In veterinary and animal science where research often varies in design, sample size, and outcomes meta-analysis offers a valuable framework for synthesizing evidence and strengthening evidence-based practice. This review provides an accessible overview of the essential steps involved in conducting a meta-analysis for researchers in these fields. The process begins with defining a focused research question, often using structured frameworks such as PICO to clarify the population, interventions, comparisons, and outcomes. A systematic and transparent search strategy is then applied to identify relevant studies, followed by the application of predefined eligibility criteria to ensure consistency and reproducibility. Key data from each study are extracted using standardized methods, and the methodological quality of included studies is assessed to determine the overall strength of the evidence. Effect sizes are calculated and combined using appropriate statistical models to generate pooled estimates, while between-study variation and potential publication bias are evaluated to contextualize the robustness of the findings. By integrating diverse datasets and summarizing overarching trends, meta-analysis supports more confident decision-making in animal health, production, and welfare. Overall, this review emphasizes the importance of meta-analysis as a practical and rigorous tool for synthesizing research evidence, offering guidance for veterinary and animal science researchers seeking to design, interpret, and apply meta-analytic methods.
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Introduction:

Scientific research continues to produce a huge body of empirical data in an extremely wide spectrum of fields such as medicine, psychology, agriculture, ecology, as well as the social sciences. Even the strictest individual research is often limited by circumstances like a small sample size, imperfection of the design, or external circumstances, which can result in uneven or inconclusive studies (Cao, 2024). Meta-analysis has become an effective statistical tool in the context of synthesizing evidence acquired in several independent studies that explore the same research question (Papakostidis & Giannoudis, 2023). Meta- analysis enhances statistical accuracy, strengthens credibility, and simplifies the identification of trends that could otherwise be lost in individual studies by combining the information of multiple studies that makes it slightly different from systematic reviews that only tend to synthesis all available evidence on a specific research question. The approach facilitates the generalization of findings through fragmented studies by researchers in a more persuasive manner, and it provides a systematic and clear system that can be used to combine evidence, thus, supporting the formulation of evidence-based practice and policy-making (Bertolaccini & Spaggiari, 2020; Jabbari, 2024)

The main reason why a meta-analysis should be conducted lies in the ability to summarize the results of heterogeneous research and eliminate possible contradictions in the literature. Different results are usually obtained in individual studies due to variability in sampling, differences in methods, or lack of statistical power. Meta-analysis alleviates these shortcomings by providing a common picture of effect size that summarizes the general direction of the studies (Wang et al., 2021). Moreover, it also allows the assessment of heterogeneity within the studies, determination of moderating factors, and determination of possible biases, which are all necessary to make valid scientific conclusions. The usefulness of meta-analysis is visible in the range of fields, including agriculture, dairy, and poultry to clinical medicine, in which it influences the decisions made in treatment or clinical practices, and social sciences, in which it is applied to program evaluation and policy making (Krupnik et al., 2019; Gurevitch et al., 2018; Rasouli et al., 2018). The use of meta-analysis is on the rise in ecological and agricultural studies and is both used to synthesize interventions or measure environmental effects or manage practices in farming and greenhouse gas emissions, thus highlighting its applicability and suitability in a wide range of fields (Krupnik et al., 2019; Rietra et al., 2022; Haddaway & Rytwinski, 2018).

The effective meta-analysis is determined by the ability to make a concise, specific, and responsive research question. The question ought to be precise and quantifiable so as to ensure that discovered studies are comparable, and data obtained are significant. Essentially, structured frameworks like PICO, Population, Intervention, Comparison and Outcome, are regularly utilized in clinical research to formulate questions. PECO variants, which replace the intervention with an exposure variable are commonly used in observational research, but SPIDER, Sample, Phenomenon of Interest, Design, Evaluation, and Research type is an effective tool used in qualitative and mixed-method studies (Andrade, 2020). The exact definition of the research question is consistent with all other steps of the meta-analysis such as the literature search, inclusion criteria, and data collection. As an example, in agricultural research, a clearly defined question can state that dietary supplementation can improve growth performance of goats as compared to traditional grazing practices and, therefore, defines the population, intervention, comparison variable, and result (Krupnik et al., 2019).

The systematic finding of relevant studies is the second most important operation after the formulation of the research question. A thorough literature search in a variety of databases will ensure that all the studies are retrieved and eliminate selection bias. Popular databases typically used in meta-analytic studies are PubMed (life sciences and site of citation-related research), Scopus (multidisciplinary search and inability to track citations), Web of Science (quantum of scientific indexing and citation-tracking), and Cochrane Library (systematic reviews and randomized trials). Depending on the field of research, other sources like PsycINFO, Google Scholar and subject domain repositories can be added. The successful search techniques use Boolean operators, including AND, OR, and NOT, to combine keywords and, therefore, allow the introduction of the similar terms and exclusion of irrelevant ones (Bertolaccini & Spaggiari, 2020) . As an illustration, the search strategy that examines the livestock supplementation could combine terms that describe the population, intervention, and outcomes, which will guarantee a comprehensive literature coverage. Clear record-keeping of the search strategy, such as databases searched, used keywords and operators, search dates and filters used, is essential to reproducibility. Conformity to the PRISMA (Preferred Reporting Items to Systematic Reviews and Meta-Analyses) directions is actively promoted to ensure a systematic, transparent search procedure and, as a result, external review or reproduction of the study (Gurevitch et al., 2018)

After the identification of the relevant studies, stringent eligibility criteria will be used to establish the eligible studies to be included in the meta-analysis. The inclusion and exclusion criteria are specified, ensuring that studies are consistent and comparable. Inclusion criteria normally involve the studies should comply with the quantitative outcome data, should be based on similar measurement techniques and should be based on the population/ phenomenon of interest and should be following the research standards as well (Fetzer, 2023). However, exclusion criteria can also exclude studies which include reviews, editorials, or commentaries; studies that lack adequate data or have redundant populations or methodological weaknesses beyond pre-defined limits. The use of stringent eligibility is used to ensure that only research studies that can provide meaningful and comparable data are incorporated in the pooled analysis to increase the validity of the pooled analysis (Mengist et al., 2019).

Screening of studies is usually done in stages so as to make certain the careful assessment of all possible studies. First, the records are removed and then titles and abstracts are screened to eliminate the evidently irrelevant researches. Reviews in the full-text are then done to determine how the remaining studies met the predefined criteria. In order to reduce bias and enhance the reliability, the screening is sometimes done by two reviewers who have to reach an agreement by discussing the results with a third reviewer (Stoll et al., 2019; Oya et al., 2015; Mateen et al., 2013). Quantitative measures of consistency The agreement between reviewers can also be measured using statistical tests like Cohens kappa, which is a quantitative measure of the strength of agreement. This process can often be described in a PRISMA flow diagram, which graphically illustrates the number of studies found, assessed, and rejected and finally incorporated into the analysis. This chart improves the transparency, which shows the methodological and strict way in which the studies were selected (Haddaway & Rytwinski, 2018).

After the selection of the study, data extraction is done in order to extract important data in each study. Relevant data are then recorded in standardized extraction forms or spreadsheets where such data as the authors of the study, the year of publication, the design of the study, the characteristics of the sample, the details of the intervention or exposure, the measures of outcomes and the statistical findings are recorded. This will produce uniformity and reduce mistakes especially in cases where two or more reviewers are to participate. To maximize accuracy and reliability, it is a good practice to use double extraction, in which two independent reviewers extract data individually and reconcile it. It is necessary to extract the information in an accurate and comprehensive manner, which will be further used in calculating effect sizes and results synthesis (Mathes et al., 2017; Büchter et al., 2020).

The quality of the methodology of the studies included is also part and parcel of meta-analysis. Quality of a study is a factor that determines the reliability of the individual studies and by extension the trustworthiness of the pooled results. The tools used in quality assessment are different with study design. In the case of randomized controlled trials, Cochrane Risk of Bias tool (RoB2) assesses the possible possibility of bias, such as randomization, blinding, and attrition (Ma et al., 2020). The Newcastle-Ottawa Scale is frequently used to evaluate observation studies by looking at the measures of selection, comparability, and outcome. Besides that, systems like GRADE offer a methodological way of assessing the general confidence of evidence in the overall studies. By being able to include quality of the study in the meta-analysis as either a weighted or sensitivity analysis, more robust and interpret-able inferences can be drawn (Ma et al., 2020; Stone et al., 2023).

Effect sizes are also a fundamental part of meta-analysis as they help to normalize results in case of different studies and, thus, compare and synthesize them in a quantitative manner. Numerous effect-size measures can be borrowed depending on the type of data and research question. In the continuous variables, the standardized mean difference, usually reported as Cohen d, is more widely used, and g with Hedges introduced to eliminate small-sample bias. Binary data are often summarized using odds ratios or risk ratios, and correlation coefficients can be used to summarize associations. The effect sizes are effective in eliminating measurement-scale differences, thus allowing coherent aggregation and interpretation. The computation of the effect sizes obtained in various investigations requires the use of statistical model, the choice of which depends on the level of heterogeneity in the data set. Fixed-effect models assume that all studies included are estimating a single true effect which is common and any deviations in results can only be attributed to sampling error (Oya et al., 2015). On the other hand, random-effects models suppose that the true effects differ in studies, combining within and between effects. The random-effects models are more preferred when there is heterogeneity since it provides a less biased aggregate estimate and also it can allow variability in among studies (Stone et al., 2023). 

Heterogeneity is the term that can be defined as the variability in the outcomes of the study and is a critical aspect of meta-analysis. Heterogeneity can be measured using such statistical indices as Cochran Q test or I 2 statistic which represent the degree to which the differences in the results of the studies can be explained by the real differences between them and not by chance. Low heterogeneity indicates that studies are estimating similar effects, and high heterogeneity might force them to use subgroup analysis or meta-regression or sensitivity analysis to question the possibility of potentially moderating factors. An in-depth knowledge of the origin and extent of heterogeneity allows the researcher to have a more accurate interpretation and pinpoint trends which could explain differences in inter-studies (Maitra, 2025). 

The phenomenon of publication bias which is a major problem in meta-analysis occurs when publications that report significant or favourable results have greater chances of being published than those who produce no results or negative results. It is crucial to detect this type of bias so that the systematical distortion of pooled estimates could be eliminated. Visual inspection of funnel plots, statistical tests like the Egger regression, and remedy measures like the trim -and-fill method are some of the methods used to test bias. Evaluating and eliminating publication bias in that way strengthens the validity and interpretability of meta-analytic findings. 

The development of statistical packages has significantly improved the performance of meta-analysis (Haddaway & Rytwinski, 2018). The open-source resources as the R platform, along with such packages as metafor, meta, and escalc, offer a plethora of functions to calculate the effect sizes, perform model fitting, evaluate the heterogeneity, and visualize data with the help of forest and funnel plots. Commercial packages like Comprehensive Meta-Analysis program (CMA) and RevMan provide user-friendly interfaces which can support any researcher with poor background in programming. Specialized statistical software like Stata and SPSS also has meta-analytic capabilities. The spread of these computation instruments has democratized entry to meta-analysis, standardization of analytical processes in academic fields, and also boosted reproducibility and transparency (Mathes et al., 2017; Büchter et al., 2020).

The uses of meta-analysis are not limited and cut across a wide range of academic discipline. Meta-analyses are used in medicine to assess the effectiveness of interventions, therapies and diagnostic tests with the aim of informing clinical guidelines and policy-making. In psychology, the methodology integrates behavioral and cognitive studies in order to discover regularities and evaluate the mediators of effects. Meta -analysis is used to evaluate the effects of interventions in different school environments and in different populations (Bertolaccini & Spaggiari, 2020). Meta-analysis is becoming an important method of agricultural and ecological research to assess management practices, environmental interventions and conservation strategies. In various fields, meta-analysis provides a methodological means of evidence synthesis, which allows researchers to combine the results, discover the underlying trends and develop knowledgeable suggestions (Papakostidis & Giannoudis, 2023).

The benefits of meta-analysis are many. By combining data collected in several studies, the method increases the statistical power, solves the discrepancies, and provides more accurate estimates of the effects than individual studies do. It helps in the investigation of the moderating variables and heterogeneity origins thus explaining the circumstances in which interventions or exposures have the highest efficacy. Additionally, meta-analysis facilitates evidence-based decision making via strong and quantitative summaries of research results, which is specifically beneficial to policy-makers, clinicians, and practitioners. The meta-analysis methodology, which includes the systematic formulation of questions, extensive literature review, standard data extraction, and reporting, strengthens the credibility and reliability of scientific results ( Rietra et al., 2022; Haddaway & Rytwinski, 2018).

On the whole, meta-analysis is one of the pillars of the evidence synthesis in the modern research. Through the systematic identification, appraisal, and quantitative synthesis of findings of independent studies, researchers are able to overcome limitations of individual studies, maximize the credibility of the results as well as create high-level evidence to inform science, practice, and policy. Its stringent methodology ensures transparency, reproducibility and validity, making it an indispensable tool of evidence-based inquiry in an incredibly diverse range of fields. The widespread use of meta-analysis with the help of dedicated software and understanding of methodological principles indicate the importance of the latter as a scientific method that can enhance the architecture of cumulative knowledge and promote decision-making based on strong evidence.

Standard Meta-Analysis Methodology:

The meta-analysis is a systematic review and synthesis of evidence of independent studies. Through the use of the methodology, transparency, reproducibility, and rigor are ensured throughout all steps of the research process in accordance with the best practices described in the PRISMA (Preferred Reporting Items of Systematic Reviews and Meta-Analyses) guidelines. The techniques include formulation of the research question, identification of the literature, selection of the study, extraction of data, quality evaluation, effect size calculation, statistical synthesis, evaluation of heterogeneity and evaluation of publication bias (Morgan et al., 2018) (Figure 1).

1. Formulation of Research Question

The meta-analysis starts with the formulation of a specific and narrow research question. The notions of PICO (Population, Intervention, Comparison, Outcome) and its derivatives (PECO, SPIDER) are used to identify the focus and outline of the study (Stoll et al. 2019) (Figure 1). Research question helps in inclusion, search strategy and outcome measures, thus making comparisons across studies. The specification of a research question is essential to reducing the level of ambiguity and allowing quantitative synthesis of effects sizes (Page et al., 2021) (Lasserson et al., 2019). As an example, within the sphere of agricultural research, the appropriate question could be the following: Can dietary supplementation result in the improved growth performance of goats as compared to conventional grazing techniques?

2. Literature Search Strategy

The literature search was carried out in a comprehensive way to reveal all the possibly relevant studies and to avoid the influence of the selection bias. Several electronic databases such as PubMed, Scopus, Web of science, PsycINFO, and Google Scholar were searched. Further searches were conducted in special repository sources related to the area of subject. Search strategies were developed with the help of Boolean operators to merge the keywords effectively. To use livestock supplementation research as an example, a query (livestock OR goat OR cattle) AND (diet OR supplement) AND (growth OR weight gain) can be used. In order to provide optimal coverage, an inclusive strategy was applied, including both published and grey literature i.e. including theses, conference, and preprints (however without a preference), so that exact and more reliable results were not obtained. Search dates, databases, keywords, and filters were appropriately recorded. Included study reference lists were also screened to discover more research that was eligible.


3. Screening and Selection of Studies


The process of screening and selection was done at several steps. First duplicate records were eliminated. Titles and abstracts were then filtered out to narrow down irrelevant studies. Articles whose subject matter met predetermined inclusion and exclusion criteria were subsequently identified and included as full-text articles. The inclusion criteria were that the particular studies included had to present quantitative information, have similar methods of measurement, and target the population, intervention, and outcomes of the research question. The studies were excluded in case they were reviews or editorials and commentaries; in case data were not complete; or in cases where the quality of methods used was below acceptable levels (Ahmed et al, 2024; Ahmed et al, 2025; Yousaf et al, 2025). 

The screening was conducted by two independent reviewers so as to guarantee reliability and reduce subjectivity. Through discussions or referencing a third reviewer discrepancies were resolved. The inter-rater agreement was measured in terms of Cohen- 6, which ensured high consistency. The general procedure was presented in a PRISMA flow diagram, which graphically represents the amount of identified, screened, excluded, and included papers in the final meta-analysis (Ahmed et al, 2024; Ahmed et al, 2025; Yousaf et al, 2025).


4. Data Extraction

To ensure consistency in the studies, data extraction was done in a systematic manner by making use of standardized extraction form. Key variables of interest included study identifiers (author, year, and location), study design, sample size, demographic variables, interventions or exposures, comparative groups, outcome measures, and statistical outcomes, and reported effect sizes. To reduce the error and maximize the accuracy, dual-reviewer extraction method has been used because two reviewers extracted data independently. In cases where necessary, the respective authors were contacted to provide some missing or ambiguous information. The obtained data were then compiled into a master spreadsheet in order to enable downstream analyses (Ahmed et al, 2024; Ahmed et al, 2025; Yousaf et al, 2025).


5. Assessment of Study Quality


The quality of the methodology of the comprised studies was assessed with the help of validated tools specific to each study design. Cochrane Risk of Bias tool (RoB2) was used to evaluate randomized controlled trials, and it examines bias related to randomization, allocation concealment, blinding, outcome measurement, and attrition (Page et al., 2021) (Lasserson et al., 2019) (Sterne et al., 2019) (Sauvant et al., 2008). The Newcastle-Ottawa Scale was used to evaluate observational studies based on the selection, comparability and outcome assessment criteria. There was the application of the GRADE framework to determine the overall evidence certainty where necessary. Subgroup analyses, sensitivity analyses, and interpretation of results were informed using quality assessments; lower quality studies were either down-weighted in the meta-analytic models or reported separately (Nejadghaderi et al., 2024).


6. Effect Size Calculation

The effect sizes were estimated in order to standardize the results of different studies and thus to allow the synthesis (quantitative) even though the outcome measures were different. In the case of continuous outcomes standardized mean differences (SMDs) were used; in particular Cohens d or Hedges g which include a bias correction mechanism in small samples. Odds ratios or risk ratios were the binary outcomes. The correlational or regression coefficients of the respective studies were transformed into similar measures of effect size so as to maintain analytic consistency. Each effect size was calculated to get standard errors or confidence intervals to enable the weighting and pooling of the effect size in further analysis.


7. Statistical Synthesis
The fixed-effect (assuming one true effect size that is universal to all studies, and variation in any observed variability is attributed to sampling error) and random-effects models (assuming the actual effect sizes differs among studies and combine both within-study and between-study components of variance.) of meta-analysis are used to build pooled effect sizes, depending on the level of heterogeneity that is exhibited among the primary studies.  Random-effects models are also typically desirable when one has heterogeneity, and give more conservative and generalizable inference. Sensitivity analysis is then done to determine the effect of each study, the methodology of each study and the existence of outliers on the combined estimates.


8. Assessment of Heterogeneity
The heterogeneity, or variability in study findings, is evaluated through such statistical tests as Cochran Q test and I 2 statistic. Q is used by Cochran to determine whether or not the differences in effect sizes observed are likely to be caused by chance and I 2 is used to determine what percentage of the total variation be due to heterogeneity and not sampling error. I 2 is presented as a low value (0-25 percent), moderate (26-50 percent), substantial (51-75 percent), and considerable (above 75 percent). Subgroup analyses or meta-regression are performed when high levels of heterogeneity have been identified to test possible causes of variation, which may be study design, population or intervention details.


9. Publication Bias

Publication bias is evaluated to evaluate the inclusion of all the studies that are relevant. Funnel plot visual inspection is done to identify asymmetry which can be a sign of bias. To measure the probability of publication bias statistical tests are used like Eggers regression and Beggs rank correlation. Appropriate pooled effect estimates are adjusted using the trim-and-fill method and thus offer a more sound interpretation of findings. Awareness of a publication bias and potential effect is included in the discussion of the findings.


10. Software for Meta-Analysis
The meta-analysis is performed through the normal statistical programs. R, which has the packages metafor and meta (best for multilevel/meta-regression), is used to compute effect sizes, fit statistical models, test the heterogeneity, and produce forest and funnel plots. Other software, such as the Comprehensive Meta -Analysis (CMA) software (best for users with no coding experience, rapid analyses, datasets are straightforward), Stata (best when integrating meta-analysis with regression-based methods or complex survey data), and RevMan software (ideal for Cochrane-style reviews), are mostly utilized in meta -analytic research, and provide flexibility in the modeling, data visualization, and sensitivity analysis. The software to be used is determined by the expertise of the researcher, complexity of data, and the nature of the requirements of the analysis.

11. Reporting and Visualization
Meta-analysis findings have been presented based on PRISMA guidelines and the study selection, effect sizes and pooled estimates have been described. Forest plots are used to present the study results, individually, and overall the effect estimate, and funnel plots are used to highlight the possibility of publication bias. Summary tables consist of the complete information about the study features, data obtained, quality evaluation, and synthesized results. Subgroup and sensitivity analysis has been provided where necessary to make the analysis more transparent and interpret-able.
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(Figure 1): Flowchart showing the steps and flow of a meta-analysis study.


12. Ethical Considerations
Since this study summarized the already existing data, no ethical consent was needed. However, the study was conducted ethically in relation to the reporting of data, with proper citation, being true to the original findings and was transparent on the description of the methodology. Overall, the meta-analysis has a systematic and reproducible methodology, which includes all the steps of the study identification, selection, quality assessment, data extraction, calculation of the effect size, statistical synthesis, measure of heterogeneity, and evaluation of publication bias. The high-quality method guaranteed the reliability, validity and transparency of the results, and it forms a solid framework to synthesize the evidence, which can further be used in research, policy, and practice in various fields.


Interpretation and Discussion of Meta-Analysis Results:

The interpretation of the findings of a meta-analysis entails the twofold consideration of the effect of the aggregate effect and the extent of variability between the individual studies. The focal measure of a meta-analysis is the cumulative effect estimate which summarizes the direction and the magnitude of the relationship or intervention impact that was studied in all of the investigations that have been incorporated. The statistical significance of an overall estimate, which is typically indicated by confidence intervals that are not likely to contain the null value), suggests a uniform trend over the data. Nevertheless, the statistical significance is not the only indicator that shows the real-world applicability and the effect has to be evaluated with respect to the practical or clinical implications.

Meta-analysis has several important limitations, one of the most significant areas of interpretation is the extent of heterogeneity, particularly concerning potential biases. Bias may arise from publication bias, where studies with significant findings are more likely to be published, as well as selective reporting, in which authors only present favorable outcomes. The statistical indices like Cochran Q and the I 2 statistic are used to measure the deviation between the findings of the studies. Low heterogeneity indicates that the studies are estimating a shared underlying effect hence improving the plausibility of the pooled estimate. Conversely moderate to high heterogeneity implies that study design differences, population differences, differences in the intervention modalities, or differences in methodological quality maybe have an effect on the results. In this case, the combined effect size should be interpreted carefully, and both auxiliary methods, including sub-group analysis or meta-regression, can be used to clarify possible sources of variation.

Subgroup analyses are used to explain whether the pooled outcome is influenced by characteristics of the studies. Shifts in the effect sizes can be generated by variables like the demographic of the participants, the period of intervention, the environment, or the methodological rigor. Further examination of the stability of the results is provided by sensitivity analyses, which are conducted by failing to include each study or filtering out the studies with the high risk of bias. The identity of the combined effects after such checks helps to enhance the trust in the overall findings; the significant change, in turn, suggests that particular studies have a disproportionate impact.

Another relevant issue is that there might be publication bias. A funnel plot is not symmetrical, or statistically significant indicators of small-study effects can be evidence that studies with null or negative results are underrepresented in the current literature, thus giving the false impression that the overall effect is larger than it is in reality. In the event of such bias, corrective methods, e.g. trim-and-fill methods, can also supply alternative estimates and encourage a less optimistic interpretation. Results need to be incorporated in the discourse of results into the wider evidence base. The agreement with previous studies makes the findings of the research more reliable, and their disagreement prompts questioning the methodological differences, the properties of the population, and the context variables. The limitations that are inherent in meta-analysis, namely heterogeneity, differences in the outcome measures, and the potential bias of the included studies have to be noted to provide an open and fair evaluation.

The discussion must also outline implications of the findings on future research, application and policy making. Since meta-analysis is a compilation of data in various researches, it provides a more detailed and statistically significant analysis as compared to individual research. It is more useful and practical to emphasize the contexts where the conclusions are the most relevant and the possible directions in which the further investigation can be conducted.

Conclusion:

Meta-analysis is a well-structured, methodologically based attempt to bring together evidence with numerous independent researches, thus creating a strong empirical foundation of evidence-based decision making. Following well-specified methods that start with a particular, clearly stated research question and continue with extensive literature search, stringent inclusion and exclusion criteria, systematic data retrieval, critical quality evaluation, and complex statistical methodology, researchers can generate valid and understandable syntheses of evidence that is available. Careful scrutiny of the heterogeneity of the studies and evaluation of the possible publication bias further increase transparency and accuracy of the results. Due to its ability to work out inconsistent findings, increase statistical power and show general trends which study may not be able to detect, meta-analysis is often used in various areas such as medicine, behavioral sciences, education, agriculture and even in the area of environmental research. When applied rigorously and practiced in a way that puts the analysis into its proper context, meta-analysis can produce significant knowledge that influences scientific cognition, determines policy, and can result in best practices. Being a constituent part of the modern evidence synthesis, it makes significant strides towards building up the body of collective knowledge and lays a solid groundwork on top of which the further investigative activity will be conducted.
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