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Abstract
Analysis of variance (ANOVA) is a fundamental statistical tool for evaluating treatment effects across multiple groups in biological sciences. This paper reviews the use of ANOVA in commonly used designs—Completely Randomized Design (CRD), Randomized Block Design (RBD), and Latin Square Design (LSD)—with worked examples. Bar charts, flow diagrams, and layout tables are presented to illustrate how treatment differences can be visualized and interpreted. Moreover, post-hoc tests such as Tukey’s HSD and Bonferroni correction, as well as advanced approaches like two-way ANOVA and factorial designs, are discussed in biological contexts. Importantly, this work is positioned as a methodological tutorial for biological researchers and educators, providing worked examples to demonstrate the practical application of ANOVA in biological systems.
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Experimental design and statistical analysis are cornerstones of biological research. They ensure that experiments are structured to reduce variability and that conclusions drawn are both valid and reproducible. Among the methods of statistical inference, Analysis of Variance (ANOVA), introduced by Fisher (1925), is widely used to compare means across groups.

ANOVA not only identifies whether differences exist but also quantifies the effects of treatments, blocks, and their interactions. Designs such as CRD, RBD, and LSD structure







biological experiments efficiently. Moreover, when multiple factors are involved, factorial and two-way ANOVA designs extend its applicability.Importantly, this work is positioned as a methodological tutorial for biological researchers and educators, providing worked examples to demonstrate the practical application of ANOVA in biological systems.

2. LITERATURE REVIEW

Prior studies have extensively demonstrated the importance of ANOVA and experimental designs in biological data analysis. Fisher (1925) originally proposed both ANOVA and basic design models such as CRD and RBD for agricultural experiments to compare crop yields under different treatments. This seminal work laid the foundation for the widespread use of ANOVA with structured designs in experimental biology.
In ecological research, Gotelli and Ellison (2004) highlighted ANOVA’s role in testing species diversity differences across habitats, where RBD and LSD were often employed to control spatial variation. Similarly, Zar (1999) provided comprehensive guidance on the assumptions and applications of ANOVA, emphasizing how CRD, RBD, and LSD improve the precision of biological experiments.
Montgomery (2013) elaborated on the design of experiments incorporating ANOVA, stressing the importance of randomized block designs (RBD) in animal and plant studies to reduce environmental variability. Recent applications include comparative gene expression studies where ANOVA under CRD and RBD frameworks identifies significant differences among groups exposed to environmental conditions (Storey and Tibshirani, 2003).
In clinical biology, ANOVA combined with LSD or RBD designs assists in analyzing patient response variations to multiple drug doses (Kirk, 2013). Additionally, field studies in conservation biology use ANOVA within CRD and RBD structures to evaluate the effects of environmental stressors on population metrics (Manly, 2007).
These foundational and applied studies collectively confirm the central role of ANOVA, when applied through CRD, RBD, and LSD, in biological research for robust data interpretation and hypothesis testing.
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ANOVA partitions the total variability into components attributable to treatments and error. The application of ANOVA in experimental designs such as CRD, RBD, and LSD relies on several critical assumptions:

1. Normality: Residuals are normally distributed.
2. Homogeneity of variance: Equal variances across treatment groups.
3. Independence: Observations are independent of one another.

When these assumptions are satisfied, the F-test in ANOVA provides a valid test of hypotheses. If violated, nonparametric alternatives or data transformations may be considered.

Table 1. Layout of a Completely Randomized Design (CRD), showing random allocation of treatments (A–E) across plots.

	Plot 1
	Plot 2
	Plot 3
	Plot 4
	Plot 5
	Plot 6

	A
	C
	D
	B
	A
	C

	B
	D
	A
	C
	B
	D
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An RBD controls for block-to-block variation by grouping homogeneous experimental units into blocks. Each block contains all treatments once.

Table 2 . Layout of a Randomized Block Design (RBD), showing arrangement of treatments within blocks.

	Block
	T1
	T2
	T3

	Block 1
	A
	B
	C

	Block 2
	B
	C
	A

	Block 3
	C
	A
	B
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An LSD controls for two sources of variability (rows and columns). Each treatment appears exactly once per row and once per column.

Table 3. Layout of a Latin Square Design (LSD), where each treatment occurs once per row and once per column.

	
	Column 1
	Column 2
	Column 3
	Column 4

	Row 1
	A
	B
	C
	D

	Row 2
	B
	C
	D
	A

	Row 3
	C
	D
	A
	B

	Row 4
	D
	A
	B
	C



1. Worked Example – CRD (Plant height under fertilizers)
Study question: Three fertilizers (A, B, C) affect Arabidopsis thaliana height (cm) after 4 weeks?



Design: Completely Randomized Design (CRD), 3 treatments, 4 replicates each (N = 12).

	Data (cm)
	

	A:
	18,
	
	20,
	
	17,
	
	19

	B:
	24,
	
	23,
	
	25,
	
	22

	C:
	16,
	14,
	
	15,
	
	13
	


Step-by-step calculations 1.
	Group
	Sums
	Means

	A:
B:
C:
	Sum=74 Sum = 94 Sum=58,
	Mean = 18.5
Mean = 23.5 Mean=14.5



2. Grand total	= 226	and grand mean = 18.8333


3. Total Sum of Squares (TSS) = 177.6667
4. Treatment Sum of Squares (TrSS) = 162.6667
5. Error Sum of Squares (ESS) = 15.0

ANOVA Taable

	Source
	df
	SS
	MS
	F

	Treatments
	2
	162.6667
	81.3333
	48.80

	Error
	9
	15.0000
	1.6667
	

	Total
	11
	177.6667
	
	



Interpretation
The treatment F = 48.80 is highly significant (p < 0.01). Fertilizer B produced the highest mean height (23.5 cm), followed by A (18.5 cm) and C (14.5 cm). Tukey HSD would show that B is significantly greater than both A and C.
Worked Examples – RBD and LSD ANOVA
2) RBD — Rice grain yield with field blocks
Question: Do three biofertilizers (A, B, C) change rice grain yield (g/plot) while controlling for a fertility/light gradient?
Design: Randomized Block Design (RBD), 4 field blocks; each block contains A, B, C once.
Hypotheses:
Treatments: H₀: μA = μB = μc Blocks: H₀: no block effect
Block × Treatment yields (g):
Block1: A=18, B=24, C=16 Block2: A=20, B=23, C=14 Block3: A=17, B=25, C=15 Block4: A=19, B=22, C=13
Step-by-step calculations (RBD)
1. Treatment sums and means:
Sum _A = 18+20+17+19 = 74 -> Mean _A = 74/4 = 18.5 Sum _B = 24+23+25+22 = 94 -> Mean _B = 94/4 = 23.5 Sum _C = 16+14+15+13 = 58 -> Mean_C = 58/4 = 14.5
2. Block sums and means:

Block1 = 18+24+16 = 58 -> Mean_Block1 = 58/3 = 19.3333

Block2 = 20+23+14 = 57 -> Mean_Block2 = 57/3 = 19.0000 Block3 = 17+25+15 = 57 -> Mean_Block3 = 57/3 = 19.0000 Block4 = 19+22+13 = 54 -> Mean_Block4 = 54/3 = 18.0000
3. Grand total = 226, N = 12, Grand mean = 226/12 = 18.8333
4. Sum of squares (using standard RBD formulas):
SS Total = 177.6667 (as in CRD example) = TSS SS Treatments = 162.6667 = Tr SS
SS Blocks = 3.0000 = BSS
ESS = SS Error = SS Total – SS Treatments – SS Blocks = 12.0000

5. Degrees of freedom:
df treatments = t - 1 = 2 df blocks = b - 1 = 3
df_ error = (t - 1)(b - 1) = 6 df_total = N - 1 = 11
TABLE 4. ANOVA Table (RBD)

	Source
	SS
	df
	MS
	F

	

Treatments
	

168.67
	

2
	

84.33
	

40.67

	Blocks
	1.5
	3
	0.5
	0.24

	Error
	18.67
	6
	3.11
	

	Total
	188.83
	11
	
	


Interpretation: Strong fertilizer effect (F≈40.67). Block effect small (F≈0.50).
3) LSD — Enzyme activity controlling two nuisances
Question: Do three buffer systems (A, B, C) affect enzyme activity (U/mL) while controlling for row (incubator shelf) and column (assay day/batch)?
Design: Latin Square Design (3×3): each treatment appears once per row and column. Layout (Row = shelf; Column = day) with activities (U/mL):
Row1: A=18, B=24, C=16

Row2: B=23, C=15, A=20 Row3: C=14, A=19, B=22
Step-by-step calculations (LSD)
1. Treatment totals and means:
Sum_A = 18+20+19 = 57 -> Mean_A = 57/3 = 19.0 Sum_B = 24+23+22 = 69 -> Mean_B = 69/3 = 23.0 Sum_C = 16+15+14 = 45 -> Mean_C = 45/3 = 15.0
2. Row totals and means:
Row1 = 18+24+16 = 58 -> Mean_Row1 = 58/3 = 19.3333 Row2 = 23+15+20 = 58 -> Mean_Row2 = 58/3 = 19.3333 Row3 = 14+19+22 = 55 -> Mean_Row3 = 55/3 = 18.3333
3. Column totals and means:
Col1 = 18+23+14 = 55 -> Mean_Col1 = 55/3 = 18.3333 Col2 = 24+15+19 = 58 -> Mean_Col2 = 58/3 = 19.3333 Col3 = 16+20+22 = 58 -> Mean_Col3 = 58/3 = 19.3333
4. Grand total  = 171, N = 9, Grand mean = 171/9 = 19.0
TABLE 5. ANOVA Table (LSD):



























	Source
	SS
	df
	MS
	F

	Treatments	168.0	2	84.0	48.0
Rows	3.0	2	1.5	1.0
Columns	3.0	2	1.5	1.0
Error	7.0	2	3.5
Total	181.0	8


5. Sum of squares (using standard LSD formulas): SS Total = 102.0
SS Treatments = 96.0 SS Rows = 2.0
SS Columns = 2.0
SS Error = SS Total – SS Treatments - SSRows - SSColumns = 2.0

6. Degrees of freedom:
df_treatments = t - 1 = 2 df_rows = t - 1 = 2 df_columns = t - 1 = 2 df_error = (t - 1)(t - 2) = 2 df_total = t^2 - 1 = 8
7. Mean squares and F:
MS_treatments = 96.0 / 2 = 48.0
MS_rows = 2.0 / 2 = 1.0
MS_columns = 2.0 / 2 = 1.0
MS_error = 2.0 / 2 = 1.0
F_treatments = 48.0 / 1.0 = 48.0
F_rows = 1.0 / 1.0 = 1.0
F_columns = 1.0 / 1.0 = 1.0

Interpretation: Buffers differ strongly (F=48.0) even after controlling row/column effects.
Post-Hoc Tests
Once ANOVA indicates a significant F-ratio under designs such as CRD, RBD, or LSD, post- hoc tests are necessary to pinpoint the treatments responsible for the differences.
Tukey’s HSD (Honestly Significant Difference):

Tukey’s test is one of the most commonly used pairwise comparison methods because it maintains the overall error rate while comparing all possible treatment pairs. For example, in a plant growth experiment testing five types of fertilizers, ANOVA may show that not all fertilizers perform equally. Applying Tukey’s HSD can reveal that Fertilizer A and Fertilizer C significantly increase plant height compared to Fertilizer E, whereas Fertilizers B and D do not differ significantly from one another. This fine-grained analysis aids agronomists in selecting the most effective treatment.
Bonferroni	Correction:
When researchers are interested in only a few targeted comparisons, Bonferroni correction provides a conservative adjustment by dividing the significance threshold (α) by the number of

comparisons. For instance, in a clinical study evaluating three drug dosages for cholesterol reduction, only three comparisons are required (low vs. medium, low vs. high, medium vs. high). Bonferroni correction ensures that the probability of falsely declaring a difference (Type I error) is minimized, which is especially critical in medical research where decisions impact patient safety.
Through these post-hoc approaches, researchers move beyond the general conclusion of “differences exist” to specific, actionable insights.
Two-Way ANOVA
In biological experiments, it is often necessary to evaluate more than one factor simultaneously. Two-way ANOVA is used to examine:
The main effect of Factor A, The main effect of Factor B, and
The interaction effect between the two factors. Example: A study on crop yield may test:
Factor A: Fertilizer type (organic vs. chemical), Factor B: Irrigation level (low, medium, high). Results might indicate that:
Organic fertilizer significantly increases yield compared to chemical fertilizer. Higher irrigation levels improve yield.
Importantly, the interaction effect shows that organic fertilizer produces the highest yields under medium irrigation, while its advantage diminishes under extreme irrigation levels.
This interaction insight is biologically meaningful, as it reveals that the effect of fertilizer is not uniform across all irrigation conditions. Such results help farmers and researchers optimize agricultural practices under varying environmental constraints.
Factorial Designs

While two-way ANOVA handles two factors, biological systems often involve multiple interacting variables. Factorial designs extend ANOVA to evaluate all possible combinations of multiple factors simultaneously. These designs provide efficiency by maximizing the information obtained from a single experiment.
Example in Microbiology: A researcher may investigate bacterial growth under: Factor A: pH level (acidic, neutral, alkaline),
Factor B: Temperature (25°C, 30°C, 37°C).
A 3 × 3 factorial design results in nine treatment combinations. ANOVA may reveal that both pH and temperature significantly influence bacterial growth. Moreover, the interaction effect might show that while bacteria thrive best at 37°C under neutral pH, high temperature reduces growth under acidic pH. Such knowledge is critical in biotechnology, where culture conditions must be optimized for industrial enzyme production or vaccine development.
Example in Physiology: In animal nutrition studies, factorial designs can test how protein levels (high vs. low) interact with vitamin supplementation (present vs. absent). Results may indicate that the effect of vitamin supplementation is more pronounced under low-protein diets, suggesting nutrient-nutrient interactions that would remain undetected in simpler designs.
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When ANOVA under CRD, RBD, or LSD shows significant differences, post-hoc tests such as Tukey’s HSD or Bonferroni corrections are applied to determine which treatments differ.

For more complex biological experiments, two-way ANOVA and factorial designs incorporate multiple factors and their interactions. These approaches extend the applicability of ANOVA with structured designs, allowing researchers to interpret treatment effects, block effects, and interactions.

5. DISCUSSION

The application of ANOVA in biological science research provides a systematic framework to interpret variability across treatments and experimental conditions. For example, in a Completely

Randomized Design (CRD), the effect of different fertilizers on plant height in wheat can be tested when all plots are homogeneous. In such studies, ANOVA partitions total variance into treatment and error components, helping researchers identify whether the fertilizer types significantly influence plant growth.
In contrast, the Randomized Block Design (RBD) is more suitable when experimental units exhibit natural variability. For instance, in an animal nutrition trial, animals may be grouped into blocks based on initial body weight, and then different feed treatments are applied. Here, ANOVA in RBD reduces error due to block differences and ensures that treatment effects on weight gain are measured more accurately.
Similarly, the Latin Square Design (LSD) becomes essential in complex biological trials where two blocking factors affect outcomes. A typical example is a microbial growth study where both incubation time and laboratory location may influence results. By controlling for these two sources of variation, LSD with ANOVA provides more precise conclusions about treatment effects.
These examples illustrate how ANOVA partitions the total variation into treatment, block, and error components, thus providing a robust test of significance. Graphical and tabular representations further strengthen interpretation, while post-hoc tests specify which groups differ significantly. Integrating ANOVA with CRD, RBD, and LSD ensures that biological experiments remain statistically rigorous and biologically meaningful.


6. CONCLUSION

ANOVA provides a powerful framework for analyzing treatment effects in biological sciences. By structuring experiments through CRD, RBD, and LSD, researchers can control sources of variability and obtain reliable inferences.Therefore, this study serves as a methodological reference for researchers and educators, bridging statistical design theory with applied biological examples. The integration of worked examples, layout tables, and graphical representations ensures its relevance both in research and teaching.
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