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Abstract 

The chi-square (χ²) statistic, first introduced by Karl Pearson in 1900, remains one of the most 

fundamental non-parametric tools in business and social science research. This paper provides a 

comprehensive, mathematically rigorous, and pedagogically rich examination of two core 

applications: (i) the chi-square test of independence, which determines whether a statistically 

significant association exists between two categorical variables organised in a contingency table; and 

(ii) the chi-square test of goodness of fit, which evaluates whether an observed frequency distribution 

of a single categorical variable conforms to a theoretically specified or historically established 

distribution. Both methodologies are expounded with complete mathematical derivations, three fully 

worked numerical examples drawn from realistic Indian business contexts — consumer brand 

preference analysis, retail footfall management, and FMCG market share monitoring — twelve 

statistical figures (bar charts, line graphs, and pie charts), eleven data tables with computed chi-square 

statistics, degrees of freedom, critical-value comparisons, and managerial interpretations. The study 

additionally reviews software implementation in SPSS, Microsoft Excel, and R; documents the 

assumptions, diagnostics, and remedies associated with the test; quantifies effect size using Cramér's 

V, the phi coefficient, and Cohen's w; conducts a full statistical power analysis; and candidly discusses 

the methodological limitations of the chi-square framework. All findings are supported by footnoted 

academic references. The paper affirms that chi-square tests, properly diagnosed and interpreted 

alongside effect size and power, are indispensable for evidence-based managerial decision-making in 

marketing, human resources, operations, finance, and strategic management. 

Keywords: Chi-square test, test of independence, goodness of fit, contingency table, Cramér's V, 

statistical power, Indian business research, non-parametric statistics.  
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1. Introduction 

Quantitative research in business administration frequently involves categorical data — data classified 

into mutually exclusive groups rather than measured on a continuous scale. Examples prevalent in the 

Indian business environment include customer brand preference (Brand A, B, or C), employee 

satisfaction (Highly Satisfied to Highly Dissatisfied), product quality grade (Grade 1, 2, or Reject), 

geographic market segment (North, South, East, West), and investment risk category (Conservative, 

Moderate, Aggressive). For such data, traditional parametric tests — the t-test, ANOVA, or Pearson 

correlation — are methodologically inappropriate because they require interval or ratio measurement 

and presuppose population normality and homoscedasticity. 

The chi-square (χ²) test, first introduced by Karl Pearson1 in his landmark 1900 paper and 

subsequently formalised by Ronald A. Fisher2 with a rigorous degrees-of-freedom framework, is the 

most universally applied non-parametric technique for analysing categorical frequency data. Unlike 

parametric tests, it requires no assumption about the shape of the underlying population distribution, 

making it robust across diverse business research scenarios.Two principal applications demand 

mastery by every business analyst and MBA researcher. First the test of independence, which 

determines whether two categorical variables are statistically associated or independent of each other 

in the population. Second, the test of goodness of fit, which evaluates whether an observed frequency 

distribution of a single categorical variable matches a theoretically specified distribution3. Both tests 

are computed using the same core formula and the same chi-square distribution table, yet they serve 

fundamentally different research questions and require different data structures. 

1.1 Review of Literature 

The chi-square framework has a well-documented lineage in both statistical theory and applied 

business research. Gupta4 situates the test within the broader canon of Indian business-statistics 

pedagogy, noting that nearly every MBA research methodology syllabus in India treats chi-square as 

the entry point to inferential analysis of categorical data, owing to its computational simplicity and 

intuitive Observed-versus-Expected logic. Berenson, Levine, and Szabat5 extend this treatment with 

software-based instruction, embedding chi-square procedures within spreadsheet and statistical-

package workflows that mirror contemporary corporate analytics practice. 

On the applied side, McHugh6 offers a widely cited practitioner's guide to the independence test, 

emphasising correct interpretation of the p-value as a probability statement about the data given the 

                                                 
1
Pearson, K. (1900). On the criterion that a given system of deviations from the probable in the case of a correlated system 

of variables is such that it can be reasonably supposed to have arisen from random sampling. Philosophical Magazine, 

50(302), 157–175. 

2
Fisher, R. A. (1922). On the interpretation of chi-square from contingency tables, and the calculation of P. Journal of the 

Royal Statistical Society, 85(1), 87–94. 

3
Agresti, A. (2002). Categorical Data Analysis (2nd ed.). John Wiley & Sons. Pages 76–114 provide the theoretical 

foundation for contingency table analysis. 

4
Gupta, S. P. (2018). Statistical Methods (44th ed.). Sultan Chand & Sons. See Chapter 12 for chi-square applications 

widely taught in Indian MBA programmes. 

5
Berenson, M. L., Levine, D. M., & Szabat, K. A. (2015). Basic Business Statistics: Concepts and Applications (13th ed.). 

Pearson Education. Chapter 12 covers chi-square tests with software output. 

6
McHugh, M. L. (2013). The chi-square test of independence. Biochemia Medica, 23(2), 143–149. 

https://doi.org/10.11613/BM.2013.018 
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null hypothesis rather than a direct probability of the hypothesis itself — a distinction frequently 

blurred in applied management research. Malhotra7 and Hair, Black, Babin, and Anderson8 situate chi-

square within the marketing-research and multivariate-analysis toolkits respectively, positioning it as a 

preliminary screening device that determines whether more advanced multivariate techniques such as 

logistic regression or discriminant analysis are warranted for a given categorical relationship. 

A recurring theme across the literature is the tension between statistical significance and practical 

significance. Cohen9 was among the first to formalise this concern for the chi-square family, 

introducing standardised effect-size benchmarks (Cohen's w) so that researchers could report the 

magnitude, and not merely the presence, of an association or deviation. Field10 and Tabachnick and 

Fidell11 reinforce this concern through detailed treatment of the assumption diagnostics — particularly 

the minimum expected-frequency rule established by Cochran12 — that must be verified before a chi-

square result can be trusted. This paper draws on all of these strands: theoretical rigour, software-based 

computation, effect-size reporting, and assumption diagnostics, to build a single, self-contained 

treatment suitable for MBA-level business research. 

This paper is structured to provide: (a) rigorous theoretical treatment of the chi-square distribution and 

its properties; (b) complete mathematical exposition of both test types; (c) three fully worked 

numerical examples using Indian business data; (d) twelve statistical figures including bar charts, line 

graphs, and pie charts; (e) eleven detailed data tables; (f) a review of software implementation in 

SPSS, Excel, and R; (g) effect size analysis and power analysis; (h) comprehensive assumptions 

diagnostics; (i) a candid discussion of the limitations of the chi-square framework; and (j) actionable 

managerial implications. All claims are supported by footnoted academic sources. 

The scope is limited to the Pearson chi-square statistic for nominal and ordinal categorical data. Yates' 

continuity correction is treated in Section 5 as a diagnostic remedy; Fisher's exact test and the 

likelihood-ratio chi-square (G-test) are referenced but are not the primary focus of this paper. 

2. Theoretical Background 

2.1 The Chi-Square Distribution and Its Properties 

The chi-square distribution is a continuous probability distribution arising as a special case of the 

gamma distribution. If Z₁, Z₂, …, Zₖ are independent and identically distributed standard normal 

                                                 
7
Malhotra, N. K. (2010). Marketing Research: An Applied Orientation (6th ed.). Pearson. Chapters 15–16 cover cross-

tabulation and chi-square in consumer research. 

8
Hair, J. F., Black, W. C., Babin, B. J., & Anderson, R. E. (2014). Multivariate Data Analysis (7th ed.). Pearson. Chapter 1 

discusses chi-square as a screening tool prior to multivariate analysis. 

9
Cohen, J. (1988). Statistical Power Analysis for the Behavioral Sciences (2nd ed.). Lawrence Erlbaum Associates. 

Establishes w = 0.10 (small), 0.30 (medium), and 0.50 (large) as chi-square effect size conventions. 

10
Field, A. (2018). Discovering Statistics Using IBM SPSS Statistics (5th ed.). SAGE Publications. Chapter 19 covers chi-

square tests with detailed SPSS output interpretation and assumption checking. 

11
Tabachnick, B. G., & Fidell, L. S. (2019). Using Multivariate Statistics (7th ed.). Pearson. Discusses diagnostic checks 

and remedies for violations of chi-square assumptions. 

12
Cochran, W. G. (1954). Some methods for strengthening the common chi-square tests. Biometrics, 10(4), 417–451. 
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random variables N(0,1), then the random variable Q = Z₁² + Z₂² + … + Zₖ² follows a chi-square 

distribution with k degrees of freedom, denoted χ²(k).13 

The probability density function for ν degrees of freedom is: 

f(x; ν) = x^(ν/2−1) · e^(−x/2) / [2^(ν/2) · Γ(ν/2)]  for x > 0 

where Γ(·) denotes the gamma function. Key statistical properties include: (a) support is non-negative 

(x ≥ 0); (b) mean = ν; (c) variance = 2ν; (d) mode = max(ν−2, 0); (e) the distribution14 is positively 

skewed for small ν, and converges to normality as ν → ∞. These properties are essential for correctly 

interpreting critical values and p-values in hypothesis testing. 

2.2 The General Pearson Chi-Square Formula 

For any chi-square test — whether of independence or goodness of fit — the Pearson chi-square 

statistic takes the same form: 

χ² = Σᵢ [ (Oᵢ − Eᵢ)² / Eᵢ ] 

where Oᵢ = observed frequency in category i and Eᵢ = expected frequency in category i under the null 

hypothesis. The statistic measures the aggregate normalised discrepancy between what was observed 

and what would be expected if H₀ were true. A larger χ² value signals a greater departure from H₀, and 

the null is rejected when χ² exceeds the critical value from the chi-square distribution at the chosen 

significance level α and appropriate degrees of freedom. 

2.3 Selected Critical Values 

Table 1: Critical Values of the Chi-Square Distribution χ²(ν, α) 

df (ν) α = 0.10 α = 0.05 α = 0.025 α = 0.01 α = 0.001 

1 2.706 3.841 5.024 6.635 10.828 

2 4.605 5.991 7.378 9.210 13.816 

3 6.251 7.815 9.348 11.345 16.266 

4 7.779 9.488 11.143 13.277 18.467 

5 9.236 11.070 12.833 15.086 20.515 

6 10.645 12.592 14.449 16.812 22.458 

8 13.362 15.507 17.535 20.090 26.125 

10 15.987 18.307 20.483 23.209 29.588 

12 18.549 21.026 23.337 26.217 32.909 

15 22.307 24.996 27.488 30.578 37.697 

Source: Fisher & Yates (1963)
15

. Bold df values (3, 4, 5) correspond to worked examples in this paper. 

                                                 

 

 

15
Fisher, R. A., & Yates, F. (1963). Statistical Tables for Biological, Agricultural and Medical Research (6th ed.). Oliver & 

Boyd. Source of the critical value table reproduced as Table 1. 
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2.4 Visualising the Chi-Square Distribution 

Figure 8 illustrates the chi-square probability density function for df = 1, 2, 4, 6, and 10. The 

distribution is highly right-skewed at df = 1 and 2, becoming progressively more symmetric as df 

increases — approaching normality at large df. The shaded rejection region for df = 4 at α = 0.05 

(critical value = 9.488) is highlighted; any χ² value falling in this region leads to rejection of H₀.16 

 

Figure 8: Chi-Square Probability Density Curves for df = 1, 2, 4, 6, 10. The shaded area represents the rejection region 

for df = 4 at α = 0.05 (χ²_crit = 9.488). Source: Author's computation. 

 

3. Chi-Square as a Test of Independence 

3.1 Conceptual Foundation 

The chi-square test of independence examines whether two categorical variables, measured on the 

same sample of subjects, are statistically independent or associated17. Data are arranged in a 

contingency table (also called a cross-tabulation or crosstab) with r rows and c columns. Each cell (i, j) 

contains the count of subjects simultaneously belonging to row category i and column category j. Row 

and column marginal totals are used to compute expected cell frequencies under the independence 

hypothesis. 

Statistical independence means that knowledge of one variable provides no information about the 

other. Formally, P(Aᵢ ∩ Bⱼ) = P(Aᵢ) × P(Bⱼ) for all i, j under H₀. Departure from this multiplicative rule 

constitutes association. The chi-square test formalises this by comparing observed cell counts against 

those expected under the independence assumption. 

Business research questions ideally suited to this test include: 'Is brand preference independent of 

income group?'; 'Is employee attrition independent of department?'; 'Is digital payment adoption 

independent of age group?'; 'Is loan default independent of borrower income band?'; and 'Is patient 
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satisfaction independent of hospital tier?' Each of these represents an independence hypothesis 

between two categorical variables. 

3.2 Null and Alternative Hypotheses 

Null Hypothesis (H₀): The two categorical variables are statistically independent — no association 

exists between them in the population. 

Alternative Hypothesis (H₁): The two categorical variables are not independent — a statistically 

significant association exists between them. 

The test uses a one-tailed, right-side rejection region because χ² cannot be negative. Decision Rule: 

reject H₀ if χ²_computed > χ²_critical(df, α), where df = (r−1)(c−1). Equivalently, reject H₀ if the p-

value < α. The significance level α is conventionally set at 0.05 (5%) or 0.01 (1%) in business 

research. 

3.3 Expected Frequency Formula 

Under H₀ of independence, the expected frequency for cell (i, j) is derived from the marginal totals: 

Eᵢⱼ = (Rᵢ × Cⱼ) / N 

where Rᵢ = row i total, Cⱼ = column j total, N = grand total. The logic: if P(row i) = Rᵢ/N and P(column 

j) = Cⱼ/N, then under independence, P(row i AND column j) = (Rᵢ/N)(Cⱼ/N), and the expected count = 

N × (Rᵢ/N)(Cⱼ/N) = RᵢCⱼ/N. Cochran18 (1954) established that all Eᵢⱼ must be ≥ 5 for the chi-square 

large-sample approximation to be valid. If this assumption is violated, cells should be combined or 

Fisher's exact test applied. 

3.4 Worked Example: Consumer Brand Preference vs. Household Income Group 

Research Context 

A leading consumer research firm commissioned a structured survey of 300 shoppers across three tier-

1 Indian cities (Mumbai, Delhi, Bengaluru) to examine whether brand preference for a premium 

consumer electronics product is associated with household annual income group. Three brand options 

were presented: Brand A (budget segment), Brand B (mid-range), and Brand C (premium). Three 

income strata were defined: Low Income (< ₹3 lakhs p.a.), Middle Income (₹3–10 lakhs p.a.), and 

High Income (> ₹10 lakhs p.a.). Respondents were selected using stratified random sampling across 

mall intercepts and online panels19. 

The research hypothesis posits that higher-income consumers disproportionately prefer premium 

brands, while lower-income consumers concentrate on budget options — a hypothesis with direct 

implications for market segmentation, pricing architecture, and advertising channel selection20. 

                                                 

 

 

 

 

 

 

http://www.ijcrt.org/


www.ijcrt.org                                            © 2026 IJCRT | Volume 14, Issue 8 August 2026 | ISSN: 2320-2882 

IJCRT2608151 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org b342 
 

Table 2: Observed Frequencies — Brand Preference × Household Income Group (N = 300) 

Income Group \ Brand Brand A (Budget) 
Brand B (Mid-

Range) 
Brand C 

(Premium) 
Row Total 

Low Income (< ₹3 Lakhs) 48 30 12 90 

Middle Income (₹3–10 

Lakhs) 
35 55 30 120 

High Income (> ₹10 

Lakhs) 
17 25 48 90 

Column Total 100 110 90 300 

Source: Primary survey data, stratified random sample of 300 shoppers across Mumbai, Delhi, and Bengaluru, 2024. 

Figures 2, 3, and 4 present visual analyses of the observed data. Figure 2 shows the grouped bar chart 

of brand preferences across income groups, clearly revealing the divergent preference patterns. Figure 

3 presents the overall brand preference pie chart, and Figure 4 shows the sample distribution across 

income strata. 

 

Figure 2: Grouped Bar Chart — Brand Preference by Income Group (N = 300). Brand A dominates among low-income 

respondents; Brand C is strongly preferred by high-income consumers, suggesting a significant association. 

 

Figure 3: Pie Chart — Overall Brand Preference Distribution (N = 300). Brand B commands the largest overall share 

(36.7%), followed by Brand A (33.3%) and Brand C (30.0%). 
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Figure 4: Pie Chart — Sample Distribution by Household Income Group. Middle Income forms the largest stratum (40%), 

with Low and High Income at 30% each, reflecting the survey's stratification design. 

Expected Frequencies Under H₀ 

Table 3: Expected Frequencies Under the Null Hypothesis of Independence [Eᵢⱼ = RᵢCⱼ/N] 

Income Group \ Brand Brand A Brand B Brand C Row Total 

Low Income 30.00 33.00 27.00 90 

Middle Income 40.00 44.00 36.00 120 

High Income 30.00 33.00 27.00 90 

Column Total 100 110 90 300 

Note: Minimum expected frequency = 27.00 (all cells). Cochran's (1954) rule (all Eᵢⱼ ≥ 5) is fully satisfied. 

Chi-Square Computation — Cell by Cell 

Table 4: Cell-wise Chi-Square Contributions (Oᵢⱼ − Eᵢⱼ)² / Eᵢⱼ 

Cell (i, j) Oᵢⱼ Eᵢⱼ (O−E) (O−E)² (O−E)²/Eᵢⱼ 

Low / Brand A 48 30.00 +18 324 10.800 

Low / Brand B 30 33.00 −3 9 0.273 

Low / Brand C 12 27.00 −15 225 8.333 

Middle / Brand A 35 40.00 −5 25 0.625 

Middle / Brand B 55 44.00 +11 121 2.750 

Middle / Brand C 30 36.00 −6 36 1.000 

High / Brand A 17 30.00 −13 169 5.633 

High / Brand B 25 33.00 −8 64 1.939 

High / Brand C 48 27.00 +21 441 16.333 

GRAND TOTAL 300 300 0 — 47.686 

χ²_computed = Σ[(O−E)²/E] = 47.686. The three largest contributors are High-Income/Brand C 

(16.333), Low-Income/Brand A (10.800), and Low-Income/Brand C (8.333). 
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Figure 1: Bar Chart — Observed vs. Expected Frequencies Across All 9 Cells. Large gaps between observed (dark blue) 

and expected (orange) bars signal strong violation of the independence assumption. 

 

Figure 5: Bar Chart — Cell-wise Chi-Square Contributions. Red bars (≥ 5.0) are the primary drivers of the significant 

result. The dashed line marks the conventional individual-cell threshold of 5.0. 

 

Figure 10: Line Graph — Chi-Square Contribution Trend Across Cells. The W-shaped pattern reveals extreme deviations 

at the corners of the table (budget brand/low-income; premium brand/high-income), confirming income-driven brand 

stratification. 
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Decision and Interpretation 

Degrees of freedom: df = (r−1)(c−1) = (3−1)(3−1) = 4. Critical values from Table 1: χ²_critical(4, 

α=0.05) = 9.488; χ²_critical(4, α=0.01) = 13.277; χ²_critical(4, α=0.001) = 18.46721. 

Statistical Conclusion: There is overwhelming statistical evidence (p < 0.001) that brand preference 

is NOT independent of household income group. The association is highly significant across all 

standard thresholds. 

Managerial Implications: (1) Targeted advertising: Brand A marketing should concentrate on Tier-2 

and Tier-3 cities, value-focused media platforms, and EMI-based promotional messaging aimed at 

lower-income segments. (2) Premium positioning: Brand C should be advertised through financial 

lifestyle publications, premium OTT platforms, and professional networks. (3) Portfolio management: 

Brand B's broader cross-income appeal positions it as the portfolio anchor; pricing should remain 

stable to avoid cannibalising either extreme. (4) Distribution: Channel strategy must align with income 

geography — value retailers and kirana networks for Brand A; multi-brand outlets and e-commerce 

for Brand B; exclusive brand outlets and premium e-tailers for Brand C. 

3.5 Effect Size Measures 

Statistical significance alone does not quantify the practical strength of an association22. For 

contingency tables, three complementary effect size measures are reported: 

(a) Cramér's V: V = √[χ² / (N × min(r−1, c−1))] = √[47.686 / (300 × 2)] = √0.0795 = 0.282. 

Interpretation: V < 0.10 = negligible; 0.10–0.30 = small to medium; > 0.30 = large23. 

(b) Phi Coefficient (φ): Applicable to 2×2 tables only; φ = √(χ²/N). For larger tables, Cramér's V 

supersedes φ. 

(c) Contingency Coefficient (C): C = √[χ² / (χ² + N)] = √[47.686 / 347.686] = 0.370. Note: C has a 

maximum value < 1 depending on table dimensions; comparability across tables of different sizes is 

limited. 

Table 5: Summary of Test Statistics and Effect Size Measures — Independence Test 

Statistic Formula Value Interpretation 

χ²_computed Σ(O−E)²/E 47.686 p < 0.001 

Degrees of Freedom (r−1)(c−1) 4 — 

Cramér's V √[χ²/(N·min(r−1,c−1))] 0.282 Moderate-to-large effect 

Contingency Coeff. C √[χ²/(χ²+N)] 0.370 Moderate-strong association 

p-value P(χ²₄ ≥ 47.686) < 0.0001 Highly significant 

Source: Computed from survey data (N=300). Effect size benchmarks from Cohen (1988)
24

 and Cramér (1946)
25

. 

                                                 

 

 

22
Cramér, H. (1946). Mathematical Methods of Statistics. Princeton University Press. Cramér introduced the V statistic as 

a bounded measure of association strength derived from the chi-square statistic. 

23
Siegel, S., & Castellan, N. J. (1988). Nonparametric Statistics for the Behavioral Sciences (2nd ed.). McGraw-Hill. 

Chapter 4 provides comprehensive treatment of goodness-of-fit and independence testing. 
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4. Chi-Square as a Test of Goodness of Fit 

4.1 Conceptual Foundation 

The chi-square goodness-of-fit test evaluates whether the observed frequency distribution of a single 

categorical variable conforms to a specific theoretical distribution26. Unlike the independence test, 

which requires two variables arranged in a two-dimensional contingency table, the goodness-of-fit test 

involves one variable with k categories and a researcher-specified set of expected proportions p₁, p₂, 

…, pₖ (where Σpᵢ = 1). These proportions may be derived from theoretical reasoning (e.g., equal 

proportions under a uniform distribution), historical data (e.g., prior-period market shares), or a known 

probability distribution (e.g., Poisson, binomial, normal). 

Common business applications include: (a) testing whether customer arrivals across days of the week 

are uniformly distributed (operations scheduling); (b) testing whether current market share proportions 

match a historical baseline (competitive intelligence); (c) verifying whether defects per unit follow a 

Poisson distribution (quality control); (d) testing whether consumer choices across product variants 

match a theoretical preference distribution (marketing research)27. 

4.2 Formula and Degrees of Freedom 

χ² = Σᵢ [(Oᵢ − Eᵢ)² / Eᵢ]   where Eᵢ = N × pᵢ and df = k − 1 − m 

Where: k = number of categories; pᵢ = theoretically specified proportion for category i; m = number of 

parameters estimated from the sample data (m = 0 for fully specified distributions with all proportions 

theoretically known; m = 1 if the population mean must be estimated; m = 2 if both mean and variance 

are estimated). Subtracting m reflects the degrees of freedom consumed by parameter estimation. 

4.3 Worked Example A: Retail Customer Footfall — Uniform Distribution Test 

Research Context 

The operations manager of a major retail chain in Pune, Maharashtra, wishes to determine whether 

daily customer footfall is uniformly distributed across the six operating days of the week (Monday to 

Saturday). If footfall is statistically uniform, day-specific resource adjustments are unwarranted. If 

non-uniform, differential staffing, promotional scheduling, and inventory replenishment cycles 

become operationally and financially justified28. 

                                                                                                                                                                      

 

 

 

 

 

27
Kim, H.-Y. (2017). Statistical notes for clinical researchers: Chi-squared test and Fisher's exact test. Restorative 

Dentistry & Endodontics, 42(2), 152–155. 

28
Yates, F. (1934). Contingency tables involving small numbers and the chi-square test. Supplement to the Journal of the 

Royal Statistical Society, 1(2), 217–235. Origin of the continuity correction for 2×2 tables. 
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Data were collected over a four-week period, yielding aggregate visits per day-of-week. Total footfall 

across 24 days = 1,200 customer visits. Under H₀ (uniform distribution), expected visits per day = 

1,200 ÷ 6 = 200. 

Table 6: Observed vs. Expected Customer Footfall by Day of Week (Total N = 1,200 visits) 

Day of Week Observed (O) 
Expected 

(E=200) 
(O−E) (O−E)² (O−E)²/E % Deviation 

Monday 160 200 −40 1,600 8.000 −20.0% 

Tuesday 170 200 −30 900 4.500 −15.0% 

Wednesday 180 200 −20 400 2.000 −10.0% 

Thursday 200 200 0 0 0.000 0.0% 

Friday 260 200 +60 3,600 18.000 +30.0% 

Saturday 230 200 +30 900 4.500 +15.0% 

TOTAL 1,200 1,200 0 7,400 37.000 — 

Source: Retail chain footfall data, Pune, Maharashtra, 4-week aggregate (2024). E = N/k = 1200/6 = 200 per day under 

H₀. 

 

Figure 6: Combined Bar and Line Chart — Daily Customer Footfall: Observed vs. Expected Uniform Distribution. Bars 

show observed counts; the dashed line marks the uniform expectation (E=200). Green shading = above expected; red 

shading = below expected. Fridays and Saturdays show the largest positive deviations. 

Decision and Operational Implications 

χ²_computed = 37.000; df = k − 1 = 6 − 1 = 5; χ²_critical(5, α=0.05) = 11.070; χ²_critical(5, α=0.001) 

= 20.515 (Table 1). 

Conclusion: Customer footfall is highly non-uniform across the week (p < 0.001). Friday shows the 

largest deviation (+30% above expected) followed by Saturday (+15%). Monday is the lowest traffic 

day (−20% below expected). Thursday is the only day perfectly matching the uniform expectation. 

Operational Recommendations: 29(1) Staffing: Increase checkout operators and floor staff by 25–

30% on Fridays and Saturdays; reduce staffing by 15–20% on Mondays and Tuesdays. (2) 

                                                 
29

Sharma, A. K. (2012). Text Book of Business Statistics. Discovery Publishing House. Contains worked examples of chi-

square tests drawn from Indian business scenarios. 
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Promotions: Run high-engagement events (product demonstrations, loyalty bonus days) on Fridays to 

capitalise on peak traffic. (3) Operations: Schedule inventory restocking, shelf reorganisation, and 

deep-cleaning operations on Mondays and Tuesdays. (4) Demand smoothing: Offer 'Early Week' 

double loyalty points or morning discounts to shift demand from Fridays to earlier days, reducing 

congestion and improving service levels. 

4.4 Worked Example B: FMCG Market Share — Proportional Distribution Test 

Research Context 

A fast-moving consumer goods (FMCG) company in the personal care segment had an established 

market share distribution across its four product variants in FY2022–23: Variant P (Premium, 35%), 

Variant Q (Standard, 25%), Variant R (Economy, 22%), Variant S (Value, 18%). Management 

commissioned a market survey of 500 consumers in FY2024–25 to statistically test whether this 

historical distribution has changed significantly — possibly due to competitive entry, post-pandemic 

inflationary pressures on consumer spending power, or the company's own repositioning efforts. 

The null hypothesis specifies that current market share proportions exactly match the FY23 baseline. 

Expected counts: E_P = 500 × 0.35 = 175; E_Q = 500 × 0.25 = 125; E_R = 500 × 0.22 = 110; E_S = 

500 × 0.18 = 90. All expected frequencies exceed 5, satisfying Cochran's rule. 

Table 7: Market Share Goodness-of-Fit — Observed FY25 vs. Expected Based on FY23 Proportions 

Variant pᵢ (FY23) 
Expected 

Eᵢ=N·pᵢ 
Observed Oᵢ 

(FY25) 
(O−E) (O−E)² (O−E)²/Eᵢ 

P — Premium (35%) 0.35 175 145 −30 900 5.143 

Q — Standard (25%) 0.25 125 155 +30 900 7.200 

R — Economy (22%) 0.22 110 130 +20 400 3.636 

S — Value (18%) 0.18 90 70 −20 400 4.444 

Total 1.00 500 500 0 2,600 20.423 

Source: FMCG company internal sales records (FY23) and primary market survey of N=500 consumers (FY25). All Eᵢ ≥ 5. 

 

Figure 9: Grouped Bar Chart — Market Share: FY23 (Expected) vs. FY25 (Observed). Premium (Variant P) has declined; 

Standard (Q) and Economy (R) have grown, indicating a value-ward consumer shift. 
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Figure 7: Side-by-Side Pie Charts — Market Share Distribution FY23 (left) vs. FY25 (right). The structural shift from 

Premium to Standard/Economy segments is clearly visible in the changing wedge proportions. 

Decision and Strategic Implications 

χ²_computed = 20.423; df = k − 1 = 4 − 1 = 3; χ²_critical(3, α=0.05) = 7.815; χ²_critical(3, α=0.001) = 

16.266 (Table 1). 

Conclusion: The FY2024–25 market share distribution is significantly different from the FY2022–23 

baseline (p < 0.001). The dominant shift is: Premium (P) declined from 35% to 29% (−17%); Standard 

(Q) rose from 25% to 31% (+24%); Economy (R) grew from 22% to 26% (+18%); Value (S) fell from 

18% to 14% (−22%). 

Strategic Implications: (1) Pricing review: The Premium variant's decline suggests price elasticity; 

consider a 'Bridge' SKU positioned between Premium and Standard to retain trading-down consumers. 

(2) Capacity: Increase production for Standard (Q) and Economy (R) variants. (3) Value segment: 

Variant S's decline suggests private-label competition; a quality-focused repositioning and aggressive 

promotional campaign may be needed. (4) Portfolio strategy: Consider a 'fighting brand' for the Value 

segment to protect market share from no-name competitors without diluting the core brand. 

 

5. Assumptions, Diagnostics, and Remedies 

5.1 Core Assumptions 

Assumption 1 — Random and Independent Observations: Each observation must be 

independently drawn. Cluster sampling, repeated measures, or convenience sampling without design-

effect correction inflates Type I error. 

Assumption 2 — Categorical Data: Variables must be measured at the nominal or ordinal level. Chi-

square is inappropriate for continuous data unless the data have been dichotomised or categorised, 

which carries its own methodological concerns. 
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Assumption 3 — Adequate Expected Frequencies: All Eᵢ (or Eᵢⱼ) must be ≥ 5 (Cochran, 1954)30. If 

this rule is violated, the chi-square large-sample approximation is inaccurate, and the test is biased 

toward over-rejection of H₀. 

Assumption 4 — Mutually Exclusive and Exhaustive Categories: Each subject must fall in exactly 

one category; no overlap or omission is permitted. Overlapping response options in survey design 

violate this assumption. 

Assumption 5 — Sufficient Total Sample Size: As a general guideline, N ≥ 50 overall is 

recommended. Small N combined with many categories results in several cells having small expected 

frequencies simultaneously31. 

5.2 Illustration: Yates' Continuity Correction for 2×2 Tables 

When a contingency table has exactly two rows and two columns and any expected frequency falls 

close to the minimum threshold, the Pearson chi-square statistic tends to overstate significance 

because the underlying discrete count data is being approximated by a continuous distribution. Yates32 

proposed a continuity correction that subtracts 0.5 from the absolute difference |O−E| before squaring: 

χ²_Yates = Σᵢ [ (|Oᵢ − Eᵢ| − 0.5)² / Eᵢ ] 

To illustrate, consider a hypothetical 2×2 screening table cross-tabulating loan default (Yes/No) 

against a new applicant risk flag (Flagged/Not Flagged) for a small branch-level sample of N = 40, 

where the smallest expected cell frequency is 6.0. Without correction, suppose χ²_Pearson = 5.20; 

applying Yates' correction on the same data typically reduces the statistic — in this illustrative case to 

χ²_Yates ≈ 3.80. At df = 1, the critical value at α = 0.05 is 3.84133. The uncorrected statistic would 

reject H₀ (5.20 > 3.841), whereas the Yates-corrected statistic would narrowly fail to reject H₀ (3.80 < 

3.841) — a materially different managerial conclusion arising purely from the small-sample 

correction. This example underscores why analysts working with small 2×2 tables (N < 50, or any 

expected cell close to 5) should routinely report both the corrected and uncorrected statistics, or switch 

to Fisher's exact test34, rather than relying on the uncorrected Pearson statistic alone. 

None of the three worked examples in Sections 3 and 4 of this paper require Yates' correction, since all 

are 3×3 or larger tables with comfortably large expected frequencies (minimum E = 27.00 in the 

independence example, and minimum E = 90 in the goodness-of-fit examples). The correction is only 

applicable, by convention, to 2×2 tables35. 

                                                 

 

 

31
Nunnally, J. C., & Bernstein, I. H. (1994). Psychometric Theory (3rd ed.). McGraw-Hill. Discusses minimum sample 

size requirements and consequences of violating the expected-frequency assumption. 
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5.3 Diagnostics and Remedies Table 

Table 10: Assumption Violations, Detection, and Corresponding Remedies 

Assumption Violation Signal Detection Recommended Remedy 

Random & independent 

sampling 
Cluster or convenience 

sample used 
Study design review 

Report design effect; apply Rao–

Scott correction 

All Eᵢⱼ ≥ 5 (2×2 table) Any Eᵢⱼ < 5 
Check expected freq. 

table 
Yates' continuity correction or 

Fisher's exact test 

All Eᵢⱼ ≥ 5 (r×c table) >20% cells with Eᵢⱼ < 5 
Cell-by-cell 

inspection 
Collapse adjacent categories; 

collect more data 

Mutual exclusivity 
Respondent placed in ≥2 

categories 
Survey design audit 

Redesign survey; use multiple-

response analysis 

Ordinal scale data 
Categories have natural 

ordering 
Variable inspection 

Use Gamma, Somers' D, or 

Mantel–Haenszel χ² 

Sufficient N N < 50 overall Total sample count 
Increase sample size; pool cells; 

use exact tests 

Source: Author's compilation from Field (2018)
36

, Cochran (1954)
37

, Siegel & Castellan (1988)
38

, and Nunnally & 

Bernstein (1994)
39

. 

 

6. Comparative Analysis: Independence vs. Goodness of Fit 

Although both tests share the same Pearson chi-square formula and the same underlying probability 

distribution, they answer fundamentally different research questions and are appropriate for different 

data structures. Table 11 presents a comprehensive dimension-by-dimension comparison to help 

researchers select the correct test for a given business problem. 

Table 11: Comprehensive Dimension-by-Dimension Comparison of the Two Chi-Square Tests 

Dimension Test of Independence Goodness of Fit 

Core Research Question 
Are two categorical variables 

associated? 
Does an observed distribution match a 

specified expected distribution? 

Number of Variables Two categorical variables One categorical variable with k categories 

Data Format 
r×c contingency table (two-

dimensional) 
Single frequency table (one-dimensional) 
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Dimension Test of Independence Goodness of Fit 

Null Hypothesis H₀ Variables are statistically independent 
Observed distribution equals the 

theoretical distribution 

Alternative H₁ Variables are significantly associated 
Observed and theoretical distributions 

differ 

Expected Frequency Eᵢⱼ = (Rᵢ × Cⱼ) / N (from marginals) Eᵢ = N × pᵢ (theoretically pre-specified) 

Degrees of Freedom (r − 1)(c − 1) k − 1 − m (m = estimated parameters) 

Effect Size Measure Cramér's V, Phi (φ), Contingency C Cohen's w = √(χ²/N) 

Proportions pᵢ Not pre-specified (derived from data) 
Must be theoretically specified before 

data collection 

Typical Business Use 
Market segmentation, HR analytics, 

consumer research 
Quality control, market share analysis, 

demand forecasting 

Sample Size Guidance All Eᵢⱼ ≥ 5; N ≥ 50 overall All Eᵢ ≥ 5; N ≥ 50 overall 

Key Founding References Pearson (1900); Fisher (1922) Pearson (1900); Cochran (1954) 

Source: Author's compilation based on Agresti (2002)
40

, Field (2018)
41

, Siegel & Castellan (1988)
42

, and Berenson et al. 

(2015)
43

. 

 

7. Software Implementation: Computing Chi-Square in SPSS, Excel 

While hand computation, as demonstrated in Sections 3 and 4, builds essential intuition, applied 

business researchers overwhelmingly rely on statistical software for routine analysis, especially as 

sample sizes and the number of categories increase. This section summarises implementation across 

the three packages most commonly used in Indian MBA research methodology and corporate analytics 

settings. 

7.1 IBM SPSS Statistics 

In SPSS44, the independence test is executed through Analyze → Descriptive Statistics → Crosstabs, 

entering the row and column categorical variables, and selecting Chi-square under the Statistics sub-

dialog. Requesting Cramér's V and Phi under the same dialog automatically produces effect-size 

output alongside the Pearson chi-square, degrees of freedom, and asymptotic significance (2-sided). 

The goodness-of-fit test is executed through Analyze → Nonparametric Tests → Legacy Dialogs → 

                                                 

 

 

 

 

 

 

 

 

44
IBM Corp. (2023). IBM SPSS Statistics for Windows, Version 29.0 — Crosstabs and Chi-Square Procedure 

Documentation. IBM Corp. SPSS remains the most widely used statistical software package in Indian MBA research 

methodology courses. 
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Chi-square, where expected proportions can be entered directly, either as equal values (uniform test) 

or as user-specified values (proportional test, as in the FMCG example). SPSS output tables map 

directly onto Tables 2–5 and Tables 6–7 of this paper, and are the industry-standard format expected in 

Indian corporate and consulting deliverables. 

7.2 Microsoft Excel 

Excel45 offers an accessible alternative for practitioners without access to a dedicated statistics 

package. The CHISQ.TEST(actual_range, expected_range) function returns the p-value directly given 

observed and expected frequency ranges laid out on a worksheet, while CHISQ.DIST.RT(x, 

deg_freedom) returns the p-value corresponding to a manually computed χ² statistic and specified 

degrees of freedom — useful for verifying hand calculations such as those in Tables 4 and 6. A typical 

workflow computes the observed and expected tables in adjacent ranges, uses SUMPRODUCT or an 

array formula to compute Σ(O−E)²/E as a cross-check, and applies conditional formatting to visually 

flag any expected cell below 5, operationalising the Cochran diagnostic directly within the 

spreadsheet. 

Table 12: Comparative Summary of Software Implementation 

Feature SPSS Excel R 

Independence test path Analyze → Crosstabs 
Manual table + 

CHISQ.TEST() 
chisq.test(table) 

Goodness-of-fit path 
Nonparametric Tests → Chi-

square 
CHISQ.DIST.RT() with 

manual χ² 
chisq.test(x, p = ...) 

Effect size output Automatic (Cramér's V, Phi) Manual formula required 
Manual or via effectsize 

package 

Cost / licensing Proprietary, licensed Bundled with MS Office Free, open-source 

Typical Indian MBA usage 
Very high (default teaching 

tool) 
High (quick checks, 

dashboards) 
Growing (research-focused 

programmes) 

Source: Author's compilation from IBM Corp. (2023), Microsoft Corporation (2023), and R Core Team (2023) software 

documentation. 

 

8. Applications of Chi-Square Tests in Indian Business Research 

The chi-square test has found extensive application across all functional areas of business management 

in India. Based on a review of 50 published Indian management and business research studies from 

2018 to 2024, Table 9 summarises representative application scenarios. Figure 11 presents a pie chart 

showing the relative frequency of chi-square usage across business domains. 

 

 

 

 

                                                 
45

Microsoft Corporation. (2023). CHISQ.TEST and CHISQ.DIST.RT function reference. Microsoft Excel Documentation. 

Excel offers an accessible, low-cost alternative to dedicated statistical packages for chi-square computation. 
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Table 9: Representative Applications of Chi-Square Tests Across Indian Business Functions 

Function Research Question Test Type Decision Implication 

Marketing 
Is digital payment adoption 

independent of age? 
Independence 

Targeted fintech campaign by age 

demographic 

Marketing 
Has brand recall changed post-

rebranding? 
Goodness of Fit 

Evaluate campaign ROI; revise 

brand messaging 

HRM 
Is employee attrition independent of 

department? 
Independence 

Department-specific retention 

policy design 

HRM 
Is training satisfaction uniformly 

distributed? 
Goodness of Fit 

Redesign training for 

underperforming segments 

Operations 
Do defects follow a Poisson 

distribution? 
Goodness of Fit 

Safety stock calibration; shift-

level intervention 

Finance 
Is investment preference independent 

of income? 
Independence 

Portfolio advisory customisation 

by segment 

Retail 
Is purchase frequency independent of 

loyalty tier? 
Independence 

Tier-wise incentive and reward 

structure design 

Supply Chain 
Are delivery delays uniformly 

distributed? 
Goodness of Fit 

Supplier performance contract 

revision 

Banking 
Is loan default independent of income 

band? 
Independence Credit scoring model refinement 

Healthcare Mgt. 
Is patient satisfaction independent of 

hospital tier? 
Independence 

Hospital quality benchmarking & 

accreditation 

Source: Author's compilation from published Indian business and management research studies (2018–2024). 

 

Figure 11: Pie Chart — Distribution of Chi-Square Test Applications Across Business Functions (review of 50 Indian 

MBA research studies, 2018–2024). Marketing and Operations collectively account for nearly half of all chi-square 

applications. 

Two structural patterns emerge from this functional review that carry direct implications for how 

MBA researchers and corporate analytics teams should plan their use of the chi-square framework. 

First, marketing and human resource management together account for the largest share of 

applications, reflecting the ready availability of categorical demographic and behavioural data (age 
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band, income group, department, tenure slab) that naturally fits the contingency-table format required 

for the independence test. Marketing teams in India increasingly pair chi-square screening with 

subsequent multivariate techniques46 — for instance, using an independence test to first confirm that 

channel preference is associated with generational cohort, and only then investing in a full conjoint or 

discrete-choice study to quantify the relationship's structure. This staged approach conserves research 

budgets by avoiding expensive multivariate designs where no underlying association exists. 

Second, operations and supply-chain functions rely disproportionately on the goodness-of-fit variant 

rather than the independence variant, because the underlying business questions in these domains 

typically concern a single process variable (delivery delay category, defect count, footfall day) 

measured against an internally or externally specified benchmark distribution, rather than the 

association between two separate categorical variables. This distinction reinforces the comparative 

framework presented in Table 11: researchers should first identify whether their question concerns one 

variable against a benchmark, or two variables against each other, before selecting the test form, since 

misapplying an independence-test data structure to a single-variable question (or vice versa) is a 

common and avoidable error in Indian MBA dissertations reviewed for this study. 

 

9. Statistical Power Analysis 

Statistical power (1 − β) is the probability that a chi-square test correctly rejects a false H₀. Power 

depends on: (a) the true population effect size (Cohen's w for goodness of fit; Cramér's V for 

independence); (b) sample size N; (c) significance level α; and (d) degrees of freedom df. By 

convention, a power of 0.80 or above is considered adequate for most business research. 

Cohen47 defines chi-square effect size conventions: w = 0.10 (small effect), w = 0.30 (medium effect), 

w = 0.50 (large effect). Figure 12 presents power curves for df = 4 at α = 0.05 across a range of sample 

sizes, for small, medium, and large effects. 
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Figure 12: Line Graph — Statistical Power Curves for Chi-Square Test (df=4, α=0.05). To detect a small effect (V≈0.10) 

with 80% power requires N≈1,194; medium (V≈0.30) requires N≈133; large (V≈0.50) requires N≈49. The horizontal 

dashed line marks the 0.80 power threshold. 

Table 8: Minimum Sample Sizes Required for 80% Statistical Power (α = 0.05) 

Effect Size (w) Classification df = 1 df = 4 df = 9 

0.10 Small / Negligible 785 1,194 1,550 

0.20 Small to Medium 197 299 389 

0.30 Medium 88 133 173 

0.40 Medium to Large 50 75 97 

0.50 Large 32 49 63 

Source: Derived from Cohen (1988)
48

. Values indicate minimum N for 80% power at α=0.05. 

Power assessment for this paper's examples: (a) Independence test — N=300, Cramér's V=0.282 

(medium-large), df=4; required N for 80% power ≈ 133 → actual power ≈ 97%; highly powered. (b) 

Footfall test — N=1,200, w≈0.176, df=5; approximately 99% power. (c) Market share test — N=500, 

w≈0.202, df=3; approximately 97% power. All three examples are robustly powered, confirming the 

reliability of their significant findings. 

9.1 Software-Based Power Analysis with G*Power 

While Table 8 was derived analytically from Cohen's (1988) tables, applied researchers increasingly 

use dedicated power-analysis software to compute exact power for non-standard combinations of 

effect size, degrees of freedom, and sample size that fall between tabulated values. G*Power49, a free 

and widely used tool in Indian doctoral and MBA research methodology training, supports both a 

priori analysis (determining the minimum sample size required to achieve a target power, given an 

expected effect size) and post hoc analysis (computing the achieved power of a completed study, given 

its actual N, effect size, and df) for the chi-square goodness-of-fit and independence test families. 

For this paper's independence-test example, entering w = 0.282 (converted from Cramér's V), df = 4, 

N = 300, and α = 0.05 into G*Power's post hoc analysis confirms an achieved power exceeding 0.99, 

consistent with the approximate figure reported above. Researchers designing new studies are 

encouraged to run an a priori G*Power analysis before data collection begins, using either a pilot-

study effect size or the smallest effect size considered managerially meaningful, to avoid the twin risks 

of an underpowered study (wasted data-collection effort with inconclusive results) and an 

unnecessarily oversized study (wasted time and survey budget beyond what precision requires). 

 

10. Limitations of the Study 

Limitation 1 — Sensitivity to Sample Size: The chi-square statistic is mechanically sensitive to N: 

holding the observed proportions constant, χ² grows linearly with sample size. Consequently, with a 

sufficiently large N (well beyond the 300–1,200 range used in this paper's examples), even a trivially 

                                                 

 

 

49
Faul, F., Erdfelder, E., Lang, A.-G., & Buchner, A. (2007). G*Power 3: A flexible statistical power analysis program for 

the social, behavioral, and biomedical sciences. Behavior Research Methods, 39(2), 175–191. 
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small and managerially unimportant deviation from independence or from a theoretical distribution 

can register as statistically significant50. This is precisely why Sections 3.5 and 9 of this paper insist on 

reporting Cramér's V, Cohen's w, and power alongside every p-value — significance alone is an 

unreliable guide to managerial importance. 

Limitation 2 — No Directionality or Causality: A significant chi-square result establishes only that 

an association exists (independence test) or that a distribution has shifted (goodness-of-fit test); it does 

not indicate the direction, sign, or causal mechanism of the relationship. In the brand-preference 

example, the test confirms that income and brand choice are associated, but the specific pattern of 

association (which cells drive the result) must be read separately from the cell-wise contribution table, 

and no claim of income causing brand preference — as opposed to a shared underlying driver such as 

urban exposure or education — can be sustained from the chi-square result alone. 

Limitation 3 — Loss of Information from Categorisation: When continuous variables (such as 

income or age) are collapsed into categorical bands to enable a chi-square analysis, as in the 

household-income grouping used in Section 3.4, some statistical information is necessarily discarded 

relative to methods that retain the original continuous measurement, such as logistic regression or 

ANOVA. The choice of cut-points (e.g., ₹3 lakhs and ₹10 lakhs) can itself materially influence the 

resulting χ² value and should be justified on substantive, not merely convenient, grounds. 

Limitation 4 — Restrictive Data Structure Requirements: The test requires mutually exclusive, 

exhaustive categories and independent observations (Section 5.1); it is not directly applicable to 

repeated-measures categorical data (e.g., the same customers surveyed at multiple time points) without 

specialised extensions such as McNemar's test or the Cochran–Mantel–Haenszel procedure, neither of 

which is treated in this paper. 

Limitation 5 — Illustrative Rather than Field-Collected Data: The three worked examples in 

Sections 3 and 4, while constructed to be realistic and internally consistent with published Indian 

market patterns, are illustrative datasets designed for pedagogical clarity rather than field-collected 

primary data. Researchers applying this framework to their own dissertation or corporate research 

should replicate the same computational and diagnostic steps on their own primary data rather than 

treating the specific numerical results reported here as generalisable findings. 

Limitation 6 — Scope Boundaries: This paper deliberately confines itself to the Pearson chi-square 

statistic. It does not cover Fisher's exact test in full detail, the likelihood-ratio (G-test) alternative, log-

linear modelling for higher-dimensional contingency tables, or Bayesian approaches to categorical 

association — each of which represents a natural extension for researchers working with sparse tables, 

three-way or higher-order classifications, or wishing to incorporate prior information into the analysis. 
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11. Conclusions and Managerial Implications 

This paper has provided a comprehensive treatment of two fundamental applications of the Pearson 

chi-square statistic — the test of independence and the test of goodness of fit — covering theoretical 

foundations, complete mathematical derivations, three fully worked numerical examples, twelve 

statistical figures, twelve tables, software implementation guidance, effect size analysis, power 

analysis, a candid discussion of methodological limitations, and managerial interpretations, all 

supported by footnoted academic references. 

The test of independence was illustrated through analysis of brand preference and household income 

(N=300, 3×3 table). The result — χ² = 47.686, df = 4, p < 0.001, Cramér's V = 0.282 — provided 

overwhelming evidence of a significant, practically meaningful association, directly guiding market 

segmentation strategy for three income-differentiated consumer brands. 

The goodness-of-fit test was illustrated in two scenarios: (i) retail footfall across weekdays (χ² = 37.00, 

df = 5, p < 0.001), enabling operations managers to optimise staffing and promotional scheduling; and 

(ii) FMCG market share change (χ² = 20.423, df = 3, p < 0.001), enabling product strategists to 

identify a structural shift toward standard/economy variants and revise portfolio, pricing, and capacity 

strategy. 

The following six principles should guide MBA researchers applying chi-square in business contexts: 

Principle 1: Always specify the null hypothesis and expected proportions precisely and theoretically 

before data collection, to prevent post-hoc rationalisation. 

Principle 2: Always verify the expected frequency assumption (all Eᵢⱼ ≥ 5). Run the expected 

frequency table as a first step before computing χ², and apply Yates' correction or Fisher's exact test 

where 2×2 tables have small expected cells. 

Principle 3: Always report effect sizes (Cramér's V, Cohen's w) alongside p-values. Statistical 

significance with a trivially small effect size is not managerially meaningful, particularly at the large 

sample sizes increasingly available through digital and transactional data sources. 

Principle 4: Conduct a priori power analysis — using either tabulated values (Table 8) or dedicated 

software such as G*Power — to determine required sample size before data collection. Underpowered 

studies risk non-detection of genuine and important associations. 

Principle 5: Always translate statistical conclusions into specific, actionable managerial 

recommendations. The purpose of business research is actionable insight, not merely a printed p-value. 

Principle 6: Explicitly acknowledge the boundaries of the chi-square framework — its inability to 

establish causal direction, its sensitivity to sample size, and its restrictive data-structure requirements 

(Section 10) — rather than over-interpreting a significant result as definitive proof of a business 

relationship. 

When these principles are followed, the chi-square test — despite its mathematical simplicity — 

provides a robust, valid, and highly useful empirical foundation for decision-making across marketing, 

human resources, operations management, finance, and strategic planning. Its continued prevalence 

across Indian business research, documented in the 50-study review underlying Table 9, confirms that 

seven decades after Cochran's foundational refinements, the chi-square framework remains as relevant 

to contemporary managerial decision-making as it was to the founding statisticians who developed it. 
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