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ABSTRACT 

This study was to objectively describe the interrelationship between mass loss and leaf chemical 

parameters of litter species: Khaya senegalensis, Mangifera indica, Gmelina arborea, and 

Eucalyptus camaldulensis using principal component analysis. Leaf litters were analyzed for 

chemical compositions. Mass loss and ten litter chemical parameters such as organic carbon, 

total nitrogen, total phosphorus, potassium, magnesium, calcium, sodium, total soluble 

polyphenol, total sulphur and carbon to nitrogen ratio were investigated. Principal Component 

Analysis (PCA) was used to identify the variation of litter chemical properties. The results 

showed significant relationships between mass loss and litter chemical parameters in PC1 and 

PC2 axes. Khaya senegalensis has the highest loadings 84% followed by Gmelina arborea 77%, 

Eucalyptus camaldulensis 75.3% and Mangifera indica 64.5%. In conclusion, Khaya 

senegalensis showed a propensity to have a faster response in driving biogeochemical cycling 

during decomposition. 
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Introduction 

Litter mass loss or decay is the sum of carbon dioxide, CO2, release and discharge of compounds, 

which contains both carbon compounds and nutrients [4]. According to [25], the breakdown of 

leaf litter is an important part of the global biogeochemical cycles that affect soil carbon storage, 

nutrient availability, and plant production.  Designing agroforestry systems for soil conservation 



 

 

and improvement requires an evaluation of the quality of the litter and the rate of leaf biomass 

breakdown [19], [23]. The management of chemical element and compound levels in 

agroforestry systems is once again emphasized [27], [25]. Many studies concluded that the rate 

of leaf litter decomposition depended on tree species, the chemical composition of the leaves, 

and environmental factors such as temperature and soil moisture [2], [26].  

A multivariate technique called principal component analysis (PCA) can be used to reduce the 

dimensionality of such datasets, improving their interpretability while minimizing information 

loss [22], [11]. It accomplishes this by producing fresh, uncorrelated variables that maximize 

variance one after the other. As a result, PCA is an adaptive data analysis technique [28]. Finding 

such new variables, the principal components, reduces to solving an eigenvalue/eigenvector 

issue, and the new variables are specified by the dataset at hand, not a priori. Many researchers 

have used the independent factor scores derived from multivariate technique of principal 

component factor analysis to soil and leaf litter properties [19], [15], [12]. The modelling 

component of leaf litter decomposition is widely reported in scientific literatures [3], [21]. In 

Sub-Saharan Africa, there is dearth of information on the interrelationships among mass loss and 

litter chemistry traits of leaf litters using a multivariate approach. Understanding leaf litter 

decomposition dynamics is imperative owing to nutrient release rates and synchronization. The 

overarching aim is to use principal components analysis to account for interrelationship between 

mass loss and chemical parameters of leaf litters in Northern Nigeria. 

MATERIAL AND METHODS 

Experimental Site and Climatic Conditions 

The study was carried out at Institute for Agricultural Research, Ahmadu Bello University, Zaria, 

Kaduna State, Northern Guinea Savannah zone of Nigeria field (IAR plot R14). The 



 

 

experimental area in Samaru has a geo reference: 10º10' 0'' N and 70º37' 60''E and 688 m a.s.l. 

[8].  This region is characterized by two distinct seasons: the dry season comprising the cold dry 

period also known as the harmattan, November-December and the hot dry period between April-

June as well as a warm rainy season between July-September with rainfall of about 1060mm 

annually. October and March constitute traditional months between rainy and cold dry season 

and between hot dry period and rainy season. Warm conditions and high relative humidity 

prevail during rainy season. The region is characterized by a lot of leaf falls during the dry 

season and very high temperatures which affect plant growth and developmental process [9]. 

Collection and Processing of Leaf Samples 

Fall leaves of African mahogany, Khaya senegalensis; mango, Mangifera indica; Beech wood, 

Gmelina arborea; and river red gum, Eucalyptus camaldulensis, were picked from the selected 

tree species. The collected leaf litter samples were cleaned and all sediments and dirt particles 

were removed by using a soft brush with running tap water followed by final rinsing in distilled 

water. Each sample was air-dried under shade at the Department of Soil Science Laboratory. 

Chemical Analysis of Leaf Litter 

Air dried leaf litter samples were ground in mortar and sieved through a 1mm mesh size sieve. 

The fine powder was used for the estimation of C, N, P, K, Ca, Mg, lignin and total soluble 

polyphenols. The standard procedures that were adopted for the chemical analysis are presented 

below. 

Total carbon 



 

 

The total carbon content was determined by igniting the samples at 550 °C using the Walkey 

Black method [7].  

Total nitrogen 

Nitrogen content in fresh leaf litter was determined by digesting 0.1 g of samples in 5 ml of 

concentrated sulphuric acid using digestion mixture (sodium sulphate: copper sulphate in 10:4 

ratio and nitrogen in the digest was determined by Kjeldhal’s method as reviewed by [20]. 

Total phosphorus 

Approximately 0.2g of the powdered leaf sample was digested in tri-acid mixture (nitric acid: 

perchloric acid: sulphuric acid in 1:1:3 ratio) and the digest was made up to 100 ml. A known 

quantity of aliquot was taken to determine the phosphorus content by following chlorostannus 

reduced molybdophosphoric blue colour method in sulphuric acid system [5] and the colour 

intensity was read at 660 nm in UVspectrophotometer. 

Total basic cations 

Calcium (Ca), magnesium (Mg), potassium (K), and sodium (Na) were determined using flame 

photometry and Atomic Absorption Spectrophotometer (AAS) as appropriate after wet digestion 

[1].  

Sulphur 

This was determined turbidimetrically using spectrophotometer to read for absorbance at 

wavelength of 430nm. [24] 

Total soluble polyphenols 



 

 

Total soluble polyphenol was determined in the Pharmacognosy and Drug Development 

Laboratory of the Department of Pharmacognosy, Ahmadu Bello University, Zaria using the 

Follin-Ciocalteu’s method [17]. 

Data Analysis 

Principal component analysis of morphometric measures and their contribution to mass loss was 

analyze using the factor procedure of SAS (2014). The correlations coefficient of mass loss and 

litter chemical parameters was determined. From the correlation matrix, data for the principal 

component factor analysis was generated. Principal component analysis [6] is a method of 

transforming the variables in a multivariate data set X1, X2-------- XP into variables. Y1, Y2--------------

------YP which are uncorrelated with each other and account for the decreasing proportion of the 

total variant of the original variable. 

Results and discussion 

Figure 1 shows the relationship between mass loss and chemical composition in litter of Khaya 

senegalensis. Mass loss had high negative and significant p<0.05, association with potassium, 

organic carbon and phosphorus. Positive and significant association was recorded among 

sulphur, nitrogen, lignin and total phenol content. PC1 had the highest loadings with eigen value 

of 9.79 and percent variance of 75.3%. As seen in Figure 2 Gmelina Arborea, Organic carbon, 

sodium, total phenol content, calcium and nitrogen had positive loadings with 84% total variance 

on the PC1 while magnesium, sulphur, nitrogen: phosphorus ratio, phosphorus, mass loss and 

potassium had negative loadings. Principal component analysis of mass loss and chemical 

composition of Khaya senegalensis leaf litter is shown in Figure 3. Mass loss had positive 

relationship with calcium, sodium, magnesium, nitrogen: phosphorus ratio, organic carbon, 



 

 

carbon to nitrogen ratio. The relationship between lignin and total phosphorus and potassium and 

total phenol count was negative. PC1 had a percent variance of 64.5% while PC2 recorded 

35.5% of the total variations.  

Principal component analysis of mass loss and chemical composition of Mangifera indica are 

shown in Figure 4. Sodium had positive relationship with calcium, sodium, nitrogen: phosphorus 

ratio, organic carbon, carbon to nitrogen ratio, lignin and total nitrogen. The relationship between 

mass loss, magnesium and total phosphorus was negative. 

 

.  

Figure 1:  Principal component matrix of mass loss and chemical parameters in Eucalyptus Camaldulensis. TN = 

total nitrogen, TK = total potassium, OC = organic carbon, TP = total phosphorus, TPC = total phenol 

content, C: N = carbon to nitrogen ratio, N: P = Nitrogen to phosphorus ratio, Mg = magnesium, Ca = 

Calcium, Na = sodium, S = Sulphur. 

 



 

 

 

Figure 2: Principal component matrix of mass loss and chemical parameters in Gmelina arborea. TN = total 

nitrogen, TK = total potassium, OC = organic carbon, TP = total phosphorus, TPC = total phenol content, C: N = 

carbon to nitrogen ratio, N:P = Nitrogen to phosphorus ratio, Mg = magnesium, Ca = Calcium, Na = sodium, S = 

Sulphur.  

  

 

Figure 3:  Principal component matrix of mass loss and chemical parameters in Khaya senegalensis. TN = total 

nitrogen, TK = total potassium, OC = organic carbon, TP = total phosphorus, TPC = total phenol content, C: N = 

carbon to nitrogen ratio, N:P = Nitrogen to phosphorus ratio, Mg = magnesium, Ca = Calcium, Na = sodium, S = 

Sulphur.  

 

 



 

 

 

Figure 4:  Principal component matrix of mass loss and chemical parameters in Mangifera indica. TN = total 

nitrogen, TK = total potassium, OC = organic carbon, TP = total phosphorus, TPC = total phenol content, C: N = 

carbon to nitrogen ratio, N: P = Nitrogen to phosphorus ratio, Mg = magnesium, Ca = Calcium, Na = sodium, S = 

Sulphur.  

In Mangifera indica, mass loss was strongly and negatively correlated with magnesium and total 

phosphorus which agrees with the observations of several studies [10], [13]. The positive 

relationship between carbon: nitrogen ratio and nitrogen: potassium ratio was based on the 

premise that nitrogen concentration limits the activity of decomposers [16]. In Gmelina arborea, 

increase in mass loss will significantly cause a reduction in organic carbon, calcium, sodium, 

lignin, total phenol content and C: N this agrees with trend reported by [14]. who observed that 

mass-loss rates and late-stage litter negatively correlated to carbon, calcium and sodium. In 

Eucalyptus camaldulensis, mass loss was strongly, negatively and highly correlated with 

potassium, sulphur, total phenol content and C: N ratio. Many studies showed that litter mass 

loss was strongly correlated with nitrogen, potassium, sulphur and C: N ratio [3], [13]. The 

concept of the regulatory effect of C: N ratio was based on the fact that nitrogen concentration 

limits the activity of decomposers [16]. Judging from the positive correlations between mass loss 

and potassium, magnesium, sulphur, nitrogen and C: N ratio, this implies good predictability of 

mass loss of litters of Eucalyptus camaldulensis.  



 

 

CONCLUSIONS  

Multivariate PCA showed noticeable variations among leaf litters parameters. Since these 

methods are of high accuracy and have different abilities, they could be used for indicator of soil 

health through litter decomposition. The main component factor analysis led to an objective 

simultaneous analysis of organic carbon, total nitrogen, total phosphorus, potassium, magnesium, 

calcium, sodium, total soluble polyphenol, total sulphur and carbon to nitrogen ratio in different 

leaf litters rather than on individual basis. This resulted in the reduction of the leaf litters 

chemical parameters to two PCs in each leaf litter species.  

Authors’ contribution 

This work was carried out in collaboration among all authors. Author FAA conceptualize the study and wrote the 

first draft of the manuscript. Authors IYA and EYO wrote the protocol and manage the analyses of the study. Author 

AA performed the statistical analysis.  All authors read and approved the final manuscript 

 

REFERENCES 

1. Anderson, C., Peterson, M. and Curtin, D. (2017). Base cations, KC and Ca2C, have 

contrasting effects on soil carbon, nitrogen and denitrification dynamics as pH rises. Soil 

Biology and Biochemistry, 113: 99-107. 

2. Asigbaase, M., Dawoe, E., Lomax, B. H., & Sjogersten, S. (2021). Temporal changes in 

litterfall and potential nutrient return in cocoa agroforestry systems under organic and 

conventional management, Ghana. Heliyon, 7(10). 

3. Berg, B. and McClaugherty, C. (2014). Plant Litter. Decomposition, Humus Formation, 

Carbon Sequestration, third ed. Springer Verlag, Heidelberg, Berlin, p. 317.                     

4. Brady, N. and Weil, R. (2010) Nutrient Cycles and Soil Fertility. In: Anthony, V.R., Ed., 

Elements of the Nature and Properties of Soils, 3rd Edition, Pearson Education Inc, 

Upper Saddle River, NJ, 396-420. 

5. Bray, R. H. and Kurtz, L. (1945). Determination of total, organic, and available forms of 

phosphorus in soils. Soil Science; 59(1): 39-46. 

6. Everitt, B. S., Landau, S. and Leese, M. (2001). Cluster Analysis. 4
th

 edition. Arnold 

Publisher, London. 

7. FAO (2019). Standard operating procedure for soil organic carbon. Walkey-Black 

method Titration and colorimetric method (online). Fao.org  



 

 

8. Goggle Earth (2023). Goggle Earth Imagery 

9. Institute for Agricultural Research Metrological station, IARMS (2021). Metrological 

data from IAR metrological station, Ahmadu Bello University, Samaru, Zaria Nigeria. 

10. Jiang, L., Wang, H., Li, S., Fu, X., Dai, X., Yan, H., and Kou, L. (2021). Mycorrhizal and 

environmental controls over root trait–decomposition linkage of woody trees. New 

Phytologist, 229(1), 284-295. 

11. Jolliffe IT. 2002 Principal component analysis, 2nd edn. New York, NY: Springer-

Verlag. 

12. Kooch, Y., Ghorbanzadeh, N., Wirth, S., Novara, A. Shah Piri, A. (2021). Soil functional 

indicators in a mountain forest-rangeland mosaic of northern Iran. Ecological Indicators; 

126:107672  

13. Liu, P., Huang, J., Sun, O.J. and Han, X. (2010). Litter decomposition and nutrient 

release as affected by soil nitrogen availability and litter quality in a semiarid grassland 

ecosystem. Oecologia; 162:771-780. 

14. Liu, S., Yang, R., and Hou, C. (2023). Effect of Enzyme Activity Changes on 

Decomposition Characteristics of Leaf Litter Mixed Decomposition of Configurated Tree 

Species in Ecological Tea Garden. Agriculture, 13(2), 394. 

15. Liu, Z., Jia, M., Li, Q., Lu, S., Zhou, D., Feng, L., ... and Yu, J. (2023). Comparative 

analysis of the properties of biochars produced from different pecan feedstocks and 

pyrolysis temperatures. Industrial Crops and Products, 197, 116638. 

16. Ma, Y., Cai, R., Zhong, H., Wu, L., and Ge, G. (2023). The home-field advantage of litter 

decomposition in lake wetlands and the community characteristics of bacterial and 

eukaryotic decomposers. Plant and Soil, 483(1-2), 109-130. 

17. Moyer, R. A., Hummer, K. E., Finn, C. E., Frei, B. and Wrolstad, R. E. (2002). 

Anthocyanins, phenolics, and antioxidant capacity in diverse small fruits: Vaccinium, 

Rubus, and Ribes. Journal of Agriculture and Food Chemistry; 50 (3): 519–525. 

18. Partey, S.T. and Thavathasan, N.V. (2013). Agronomic potentials of rarely used 

agroforestry species for smallhlder agriculture in sub-SaharaAfrica: an exploratory study. 

Communication in sol science and plant analysis; 44 (11), 1733 - 1746. 

19. Qu, M., Wang, Y., Huang, B., & Zhao, Y. (2018). Source apportionment of soil heavy 

metals using robust absolute principal component scores-robust geographically weighted 

regression (RAPCS-RGWR) receptor model. Science of the Total Environment, 626, 203-

210. 

20. Saez-Plaza, Michalowski, T., Navas, M.J. and Asuero, A.G. (2013). An overview of the 

Kjeldahl method of nitrogen determination part 1. Early history, chemistry of the 

procedure, and titrimetric finish. Critical Review in Analytical Chemistry; 4: 43-45. 

21. Sánchez-López, N., Hudak, A. T., Boschetti, L., Silva, C. A., Robertson, K., Loudermilk, 

E. L., ... and Taylor, M. K. (2023). A spatially explicit model of tree leaf litter 



 

 

accumulation in fire maintained longleaf pine forests of the southeastern US. Ecological 

Modelling, 481, 110369. 
22. Silva, L. C., Lopes, B., Pontes, M. J., Blanquet, I., Segatto, M. E., & Marques, C. (2021). 

Fast decision-making tool for monitoring recirculation aquaculture systems based on a 

multivariate statistical analysis. Aquaculture, 530, 735931. 

23. Simpson, L. T., Chapman, S. K., Simpson, L. M., & Cherry, J. A. (2023). Do global 

change variables alter mangrove decomposition? A systematic review. Global Ecology 

and Biogeography. 

 

24. Tabatabai, M.A. and Bremmer, J.M. (1970). A simple turbidimetric method of 

determining total    sulphur in plant materials. Agronomy Journal; 62 (6): 805-806. 

25. Tenkiano, N. Sia, D. and Chauvet, É. (2018). Leaf litter decomposition in Guinean 

savannah streams. Inland Waters; 8 (4). 413-421. 

26. Tu L., Hu H., Hu T., Jian Z., Xianwei L., Li L., et al., (2014). Litterfall, litter decomposition, 

and nutrient dynamics in two subtropical bamboo plantations of China. Pedosphere; 24 

(01), 84–97. 

27. Xiao, W., Han, Y.H., Chen, Kumar, Chen, C. and Guan, Q. (2019). Multiple interactions 

between tree composition and diversity and microbial diversity underly litter 

decomposition. Geoderma; 341: 161-171. 

28. Xie, P., Ma, Z., Du, R., Lv, M., Shen, Y., Lu, X., ... and Cen, H. (2023). Generating high-

quality 3DMPCs by adaptive data acquisition and NeREF-based reflectance correction to 

facilitate efficient plant phenotyping. arXiv preprint arXiv:2305.06777. 

 

 

 


