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1. INTRODUCTION 

1.1 Background Information 

Tanzania is an agricultural country where the population depends on agriculture for sustenance. 

Agriculture employs around 70% of the workforce, which contributes to 28% of the nation's GDP, 

and represents 67% of total employment (Derksen-schrock et al., 2011; Mdegela et al., 2021). 

Smallholder farmers in Tanzania face obstacles such as little knowledge of innovative agricultural 

methods and an unpredictable market, despite agriculture's significant impact on the country's 

economy (Alphonse, 2017; Anderson et al., 2016; URT, 2017). Both Mbeya and Songwe regions 

are crucial agricultural area in Tanzania, considered among five main sources of food in the country. 

It heavily relies on small-scale farming for both food security and economic growth (Mwema et al., 

2021). Farmers in these areas face challenges including inadequate soil fertility, low-quality seeds, 

and limited access to irrigation systems, volatile markets, insufficient knowledge of modern 

agricultural practices, and a lack of information and extension services.  

Soil is a crucial component in agricultural activities, as it is a complex system with many 

mechanisms and processes that are challenging to fully understand. Soil acts as a medium through 

which metals, nutrients, and other toxic contaminants are filtered, so protecting both the soil and 

groundwater from their negative effects (Stenberg et al., 2010). The capacity of soil to sustain its 

roles in agricultural activities is contingent upon its chemical, biological, and physical qualities, all 

of which exhibit regional variability. The issue of nutrient depletion in these soils has raised concerns 

over the environmental sustainability of crop production in most Sub-Saharan African (SSA) 

countries (Johnson et al., 2019). In order to improve nutrient balances and prevent land degradation 

in agricultural production systems in Sub-Saharan Africa (SSA), it is crucial to carry out the 

characterization, assessment, and monitoring of soil resources (Smaling & Fresco, 1993). 

Traditional soil analysis methods have been largely employed to evaluate soil characteristics and 

offer accurate data on a specific agricultural area. However, these methods are expensive and time-

consuming, making them unsuitable for large-scale farms (Angelopoulou et al., 2020; Ewing et al., 

2021). In recent decades, the application of soil reflectance spectroscopy, namely visible-near-

infrared reflectance and visible-mid-infrared reflectance, together with XRF spectroscopy, has 
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become increasingly popular for soil investigation (Stenberg et al., 2010; Viscarra Rossel et al., 

2006).  

Diffuse reflectance spectroscopies require minimal sample preparation, eliminating the need for 

environmentally harmful digestants in the laboratory (Soriano-Disla et al., 2014; Viscarra Rossel et 

al., 2011). The nondestructive nature of spectrum techniques allows for consistent and simultaneous 

observations, providing a significant edge over wet chemistry facilities (Pasquini, 2018). To meet 

the requirement of obtaining more information about soil conditions while also minimizing the 

expenses associated with soil assessments, researchers have conducted studies (Nocita et al., 2015; 

Soriano-Disla et al., 2014). Spectroscopy in (VNIR-SWIR) area, ranging from 400 to 2500 nm, has 

emerged as a potential alternative technique for studying soil properties. Mid Infrared Reflectance 

Spectroscopy (MIR) has been considered suitable for predicting the levels of organic and inorganic 

carbon in soil during extensive soil inventories (Grinand et al., 2012). Several studies have indicated 

that Mid Infrared Reflectance (MIR) spectroscopy can provide more accurate predictions of various 

soil parameters, such as inorganic carbon, total organic carbon, soil organic matter, micronutrient 

levels, pH, soil pollutants, CEC, and C/N ratio (McBratney et al., 2006). Both near-infrared, mid-

infrared, or mixed diffuse reflectance spectroscopy have been used to evaluate soil fertility in rice 

fields in sub-Saharan Africa and to determine different soil parameters in diverse soil groups (Brunet 

et al., 2007; Johnson et al., 2019).  

The analysis of spectral data is accomplished by the utilization of multivariate statistical techniques, 

wherein the effectiveness greatly relies on the chosen calibration procedure (Geladi, 2003). Partial 

Least Square Regression (PLSR), known for its interpretability and quick calculation, is the 

predominant linear method for analyzing the correlation between spectral data and soil parameters. 

Other multivariate techniques includes random forest (RF), support vector regression (SVR), and 

multivariate adaptive regression splines (MARS)) (Seema et al., 2022). The correctness of the model 

may be assessed using several methods and metrics (Stenberg et al., 2010; Vibhute et al., 2018). 
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1.2 Problem statement and justification 

Small-scale farmers in the Southern part of Tanzania focusses on growing vegetables, maize, beans, 

rice, and coffee (Focken et al., 2004). Farmers in these areas face challenges including inadequate 

soil fertility, low-quality seeds, and limited access to irrigation systems, volatile markets, insufficient 

knowledge of modern agricultural practices, and a lack of information and extension services. 

Smallholder farmers in Tanzania face obstacles such as little knowledge of innovative agricultural 

methods and an unpredictable market, despite agriculture's significant impact on the country's 

economy (Alphonse, 2017; Anderson et al., 2016; URT, 2017). To address these issues, research 

works have been conducted on both farm and non-farm factors. Several programs have been 

established to strengthen connections between farmers and other stakeholders, including markets, 

extension services, and input suppliers (Krone et al., 2016; Ndimbo et al., 2023). Different authors 

have reported awareness-raising campaigns to educate farmers on the advantages of implementing 

contemporary agricultural methods including the use of information and communication 

technologies (ICTs). The initiatives are leveraging tools such as radio shows, mobile phones, and 

other ICT tools to give farmers information on weather patterns, market prices, and farming best 

practices (Misaki et al., 2016; Mushi et al., 2022). Various agricultural research studies have been 

undertaken to help solve smallholder farmers' concerns at both regional and country levels, although 

the challenge continues, since most of this useful knowledge remains locked to academic 

publications, limiting smallholder farmers' access to critical information (Jha et al., 2020; Sanogo et 

al., 2023). The mentioned scenario could be caused by disconnect between research and farmers' 

needs, limited access to academic publications, research language and format, weak link between 

researchers and extension services, institutional and policy gaps, limited farmer involvement in 

research, needs for agricultural soil status in terms of soil properties.  

On the farm factor, rate of productivity depends on the status of SOC contents and reliable SOC 

chemometric techniques which could be used to predict various soil properties. In order to assess 

soil properties and provide precise information on a particular agricultural region, traditional soil 

analysis techniques have been widely used. Since these techniques are costly and time-consuming, 

farmers cannot use them often (Angelopoulou et al., 2020; Ewing et al., 2021). Never the less, studies 

have been conducted in Tanzania involving the application of MIR spectroscopy to provide 
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information on carbon stock maps and topsoil organic carbon concentrations (Kempen et al., 2019; 

Winowiecki et al., 2014).  

Another study was conducted to estimate SOC stocks (kg m-2) on MIR spectroscopy in different soil 

depths in Tanzania yet these researches mostly covered forest soils  (Kempen et al., 2019; 

Winowiecki et al., 2014). As one of the big project in Africa for soil monitoring, AfSIS Project has 

reported a Potential MIR spectral signatures for prediction of multiple soil properties in African 

countries through the application of partial least squares (PLSR), generalized regression neural 

network (GRNN) and one-dimensional convolutional neural network (1DCNN) (Gruszczyński & 

Gruszczyński, 2022). Not only that, but also distribution of SOC concentrations in soil profiles under 

distinct land uses has been predicted in situ by using Vis-NIR spectroscopy at Mount Kilimanjaro - 

Tanzania (Kühnel & Bogner, 2017). In comparison to conventional approaches, mid-infrared (MIR) 

spectroscopy offers a number of benefits, such as cost-effectiveness, rapidity, and non-invasiveness. 

Because of its quick analysis times, low sample preparation needs, and capacity to give both 

qualitative and quantitative information, MIR spectroscopy is especially appealing for quality 

control and process monitoring (Chen et al., 2025; Karoui et al., 2008). Although efforts have been 

made to provide current status of SOC in the agricultural fields particularly in the Mbeya and 

Songwe regions, most of data and maps are at continental level and include International Soil 

Reference and Information Centre (ISRIC), including Soils for Africa projects AfSIS and iSDA 

(Dewitte et al., 2013; Han et al., 2019; Hengl et al., 2021;  Miller et al., 2021). It is true that, factors 

affecting smallholder farmers, status of SOC contents and application of diffuse reflectance 

spectroscopy to predict different soil properties have been investigated in some parts of Tanzania, 

yet updated report on adoption of smallholder farmers to IAPs, SOC concentrations, and the 

prediction of soil properties from agricultural fields in the Southern part of Tanzania by MIR 

spectroscopy has not been fully documented. This study aims to provide farmers’ awareness and 

adoption strategies to IAPs, factors that influence soil organic carbon (SOC) dynamics, status of 

SOC across different agricultural fields, and prediction of selected soil properties by MIR 

spectroscopy through RF, PLSR and XGBoost chemometric methods. 

  

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/topsoil
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1.3 Research objectives 

The main objective of the study was to evaluate SOC dynamics, predict key soil properties using 

chemometric methods in the Southern part of Tanzania  

The specific objectives are to: 

1. To assess smallholder farmers' awareness and adoption on the application of improved 

agricultural practices (IAPs) in Southern part of Tanzania. 

2. To determine the status of SOC contents and SOC stock in different agricultural sites by 

laboratory measurements in the Southern part of Tanzania. 

3. To predict total SOC, total nitrogen, pH, BD and soil texture on MIR by using RF, PLSR 

and XGBoost chemometric techniques, and assess the accuracy of prediction. 

1.4 Research questions 

The following research questions were formulated to achieve the stated objectives 

1st objective 

i. What are the smallholder farmers’ knowledge about IAPs? 

ii. How do farmers receive information on the application of IAPs on their farmland? 

iii. How do farmers adopt to the application of IAPs in their farmland? 

iv. What are the determining factors for farmer’s adoption of IAPs? 

      2nd objective 

i. What is the status of SOC contents and SOC stocks from selected agricultural sites? 

ii. What is the impact of soil type in SOC contents and stocks? 

iii. What is the Impact of elevation, precipitation and crop type in SOC contents? 

3rd objective 

i. What are the observed R2, RMSE, and MAE in the prediction of soil properties by MIR-

PLSR, MIR-XGBoost and MIR-RF models? 

ii. What are the predicted soil properties by MIR spectroscopy? 

iii. Which chemometric method reported a better prediction accuracy on MIR data? 
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2. MATERIALS AND METHODS 

2.1 Study area description 

The research was carried out in five different sites within the Mbeya and Songwe Regions located 

in southwestern Tanzania: Mbozi, Kyela, Tukuyu (Rungwe), Mbarali, and Mbeya Urban (Figure 1). 

Mbozi is positioned between latitudes 8°45′S and 9°25′S and longitudes 32°45′E to 33°30′E, with 

elevations ranging from 900 to 2,700 m above sea level(NBS, 2022).  This area falls within the 

Southern Highlands agroecological zone, known for its fertile volcanic and ferrallitic soils, an annual 

rainfall of 1,000 - 1,600 mm, temperatures between 18 - 25°C, and a rainy season from November 

to May; its total land area is about 967,900 ha. Kyela, situated around 9°34′S and 33°39′E, is found 

in a lowland humid agroecological zone at altitudes of 475 - 600 m above sea level, with alluvial 

clayey soils, substantial rainfall of 2,500 - 3,000 mm, temperatures ranging from 23 - 32°C, and 

precipitation occurring from October to May; the district covers around 1,325 km² (URT, 2022). 

Tukuyu, located in Rungwe District at 9°15′S and 33°39′E, resides in a highland zone with elevations 

of 1,600 - 2,900 m above sea level consisting of rich volcanic andosols, receiving 1,500 - 2,500 mm 

of annual rainfall, with temperatures from 15 - 20°C and rains occurring from November to May; it 

spans approximately 1,495 km². Mbarali, found around 8°50′S and 33°50′E in the semi-arid Usangu 

plains at 900 - 1,200 m above sea level, features vertisols and loamy soils, experiences low rainfall 

between 600 - 900 mm, has temperatures from 20 - 30°C, and a rainy season from December to 

April, with an area of about 16,600 km². Finally, Mbeya Urban, located at 8°55′S and 33°25′E in the 

temperate highlands, has altitudes of 1,600 - 1,800 m above sea level, volcanic red loam soils, 

receives annual rainfall of 1,200 - 1,600 mm, maintains moderate temperatures of 17 - 24°C, has 

rains from November to April, and covers an area of around 214 km² (Hamadi Mohamed et al., 2021; 

NBS, 2019). Common crops grown include maize, groundnuts, beans, wheat, potatoes, rice, coffee, 

tea, cocoa, cocoa beans, sorghum, finger millet, cotton, cowpeas, groundnuts, cassava, beans, animal 

husbandry cashew nuts, palm oil, paddy, and bananas (URT, 2017). 

. 
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Figure 1: Selected study sites in the southern part of Tanzania 

2.2 Farm household questionnaires  

2.2.1 Preparation of questionnaires 

The survey questionnaires were organized to cover questions on smallholder farmers' demographic 

characteristics, site characteristics, pest control management, farming practices, weed control, soil 

conservation practices, farmers’ awareness, and the adoption of IAPs. These questionnaires were 

prepared using the ODK/Ona platform and filled out using ODK Collect for efficiency, minimal 

staffing requirements, and real-time analysis facilitated by data synchronization. 

2.2.2 Ethical consideration 

Before the commencement of the present study, we obtained a signed letter of consent from the 

village chairperson, and the letter was distributed to all trained surveyors. Data was collected from 

well-prepared digital questionnaires. Furthermore, verbal consent was obtained from household 

heads prior to starting the surveys. Furthermore, the study adhered to ethical guidelines outlined in 

the Hungarian Academy of Sciences code on research ethics and the European code of conduct for 

scientific integrity. All participants provided informed consent prior to questionnaire administration. 
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2. 2.3 Target population, sample size, and sampling technique 

In this study, both purposive and systematic random sample approaches were utilized in a mixed - 

sampling approach to select sites and choose respondents respectively.  

First step involved choosing a representative ward in each district based on literatures and 

conversations with agricultural extension officers in the target areas. Wards were selected 

purposively due to their high agricultural activities, topographic variety, and accessibility. 

Systematic random sampling was employed in the second stage to obtain the target population 

(smallholder farmers) in order to represent the variations in terrains on the studied wards. The target 

population consisted of about 425 active and registered smallholder farming households (HHs) 

according to Tanzania Agricultural Research Institute (TARI) from five different wards (Table 1).  

Slovin's sampling formula (Ismail et al., 2022), was applied to determine the sample size of 

participating active smallholder farmers for the questionnaire survey. 

𝑛 =
𝑁

1+Ne2
                                                                                                                             (1) 

Where: 

n = Number of samples, N = Total population and e = Error tolerance level (5%) 

Therefore,   𝑛 =
425

1+425(0.05)2
 

n = 206.06 ≈ 206  

Thus the study employed a mixed research approach, by combining qualitative and quantitative 

research methods. The quantitative research approach was used to collect data on IAPs and factors 

influencing their awareness and adoption, while the qualitative research design was utilized to collect 

and analyze qualitative data to supplement and connect the quantitative research method's gap.  

To ensure fair representation, the number of respondents in each ward was distributed using 

proportionate sampling, which was informed by the number of active farming HHs in each village 

as of primary information gathered from agricultural extension officers and elders. 

Table 1: Sample size and sampling design on the studied area   

Districts Wards 
Agro-ecological 

zones  

Ward area 

(km2) 

 Sample 

size 
Percentage 

https://www.statisticshowto.com/tolerance-level-statistics/
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Kyela Bondeni 
Mid-lands zone 

(800-1,500m) 
108 40 19 

Rungwe 

(Tukuyu) 
Lufingo 

High lands zone 

(1,500 - 2,400m) 
102 43 21 

Mbozi Mlowo 
Mid-lands zone 

(800-1,500m) 
114 40 19 

Mbarali Lugelele 
High lands zone 

(1,500 - 2,400m) 
89 42 20 

Mbeya 

urban 
Iyunga 

 Mid-lands zone 

(800-1,500m) 
83 41 21 

Total     496 206 100 

 

2.2.4 Data collection tools and data sources 

The survey was administered using a face-to-face questionnaire survey between 12 January 2023 

and 15 March 2023. Primary data was gathered through Key Informant Interviews and field 

observations in the research field to supplement data obtained from HH surveys and information that 

may have been missed in the HH questionnaires. Field observations were conducted at the farm 

level. 

Semi-structured questionnaires were utilized to gather data from smallholder farmers. These 

questions were pre-tested on 20 farmers in the nearby Mwasanga village in Mbeya urban and 

modified as necessary. Furthermore, the questionnaires utilized in the study were developed by 

including both expert inputs, literature review and field observations, while reliability was ensured 

through applying a standardized procedure by asking similar questions to different respondents in 

same sequence and tone.  

The Open Data Kit (ODK), a digital data collection tool, was used to develop questions. Under strict 

supervision, three qualified research assistants provided questionnaires to the farmers. The main 

topics of the questions in the questionnaires were smallholder farmers' demographic characteristics, 

site characteristics, pest control management, farming practices, weed control, soil conservation 

practices, farmers’ awareness, and the adoption of IAPs. 
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2.2.5 Farming categories and conservation practices related to soil fertility 

Farmers' answers to structured questionnaire topics about their primary agricultural activities, crop 

kinds, and livestock ownership were used to create farming categories (such as mixed farming, crop-

only, and livestock-only). Through a mix of literature analysis and interaction with subject-matter 

experts, these categories were created before the survey and subsequently verified through pilot 

testing. 

Farmers were asked to indicate which of a list of predetermined conservation activities they used in 

order to evaluate strategies for increasing soil fertility and organic content. These included crop 

rotation, the use of cover crops, mulching, little or zero tillage, applying compost or manure, and 

agroforestry techniques where the frequency and scope of these activities were measured and 

examined. 

 

2.2.6 Data management, statistical analysis of questionnaire data 

A score of 1 was assigned to the “yes” response, while a score of 0 was assigned to the “no” response. 

For the questions with multiple choices, a score of numbers from 1, 2, 3, 4, etc. were assigned. 

Microsoft Office Excel 2016 and STATA version 18 software were used to analyze the data obtained 

from the HH questionnaire, which was retrieved via the ONA web platform.  

Descriptive and inferential statistics were used to analyze the socioeconomic, demographic 

information  

and assess the performance of several agricultural practices in different districts on the farmers’ 

awareness and adoption of improved agricultural practices (IAPs) at 5% significance level. 

Frequency counts, percentage, tables, and graphs were used to display the analysis' findings. 

2.2.7 Estimation of factors influencing farmer’s adoption of improved agricultural practices 

(IAPs). 

The probit regression analysis technique was utilized to examine the factors influencing the adoption 

of IAPs. This entailed using probit model to analyze the linkage between a binary dependent variable 

and a set of independent variables, which typically consisted of binary variables. The probit model 

for the “K” explanatory variables, X2, X3, … , X𝐾) is represented by equation two below. 

𝑃𝑟𝑏𝑖𝑡 𝑃(𝑋) = 𝛼 + ∑ 𝛽𝑖𝑋𝑖

𝐾

𝑖=1

                                                                                                              (2) 
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where Expectation (𝛽𝑖) denotes the coefficient estimates for each respondent with the attributes 𝑖 

contrasted to another individual without the attributes. The probit regression coefficient is denoted 

by 𝛽𝑖 and c the constant is denoted by 𝛼 (Fosu-Mensah et al., 2012). 

2.3 Soil sampling 

2.3.1 Site selection, sample collection and sampling design 

This study used a systematic random sampling design, following the Soils4Africa sampling protocol 

(Huising & Mesele, 2021), to evaluate soil properties in agricultural fields in the Southern Highlands 

of Tanzania. The sampling took place at two standard depths: 0 to 20 cm and 20 to 50 cm. Soil 

samples were taken from four (4) different sites (Kyela, Mbalali, Mbozi and Tukuyu) chosen for 

their representation of land use and agro-ecological conditions. At each site, a total of 18 undisturbed 

soil samples were collected for bulk density (BD) analysis, resulting in 72 undisturbed soil samples 

across all sites. In addition, 60 composite soil samples were collected from each site, totaling 240 

composite soil samples for the analysis of chemical and physical soil properties. Each composite 

sample was obtained by mixing four subsamples (aliquots) collected in a triangular pattern within a 

5 m * 5 m area centered at the sampling point. Soil samples were taken at regular intervals of 100 

meters across the agricultural fields (Figure 2). This ensured good coverage and reduced sampling 

bias.  

 

Figure 2: Schematic representation of composite soil sampling design. Each composite sample 

was formed by thoroughly mixing four soil aliquots collected from a triangular pattern within a 5 

m × 5 m area surrounding the central sampling point. 
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Table 2: Sample size and sampling procedures 

Districts Agro-

ecological 

zones  

Ward 

area 

(km2) 

Dominant 

Soil type 

Undisturbed 

samples 

(bulk 

density 

analysis) 

 Composite 

soil 

samples 

Referenc

e soil 

data 

MIR 

data 

% 

distribution 

Kyela Mid-lands 

zone (800-

1,500m) 

108 Eutric 

Gleyic 

Fluvisol 

18 60 18 42 25 

Rungwe 

(Tukuyu

) 

High lands 

zone 

(1,500 - 

2,400m) 

102 Humic 

Umbric 

Nitisol 

18 60 18 42 25 

Mbozi Mid-lands 

zone (800-

1,500m) 

114 Molic 

Andosol 

18 60 18 42 25 

Mbarali High lands 

zone 

(1,500 - 

2,400m) 

89 Eutric 

Leptosol 

18 60 18 42 25 

Total   496   72 240 72 168 100 

 

Wet chemistry samples (Reference soil samples): A subset of 72 composite soil samples was 

systematically selected for wet chemistry analysis to establish the reference dataset for calibrating 

and verifying spectral predictions (Table 2). To account for spatial variability across the agricultural sites, 

a systematic sampling approach was employed. A total of 18 soil samples were systematically collected from 

each of the four study sites, ensuring coverage of the entire area at each location. From an initial pool of 240 

collected samples, a final set of 72 representative soil samples (18 per site) was selected for detailed analysis. 

MIR spectroscopy analysis: The other 168 composite soil samples underwent analysis utilizing 

Mid-Infrared (MIR) Spectroscopy to estimate important soil characteristics based on the reference 

soil dataset.  

Bulk density determination: Furthermore, 72 undisturbed soil samples were also collected from 

the same sampling sites as for reference soil samples to measure bulk density.  

All the samples were air - dried for 2 - 4 days in Tanzania, packaged in labeled zip - loc plastic bags 

and shipped to the Hungarian University of Agriculture and Life Sciences (MATE) laboratory for 
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additional processing and analysis. Additional environmental attributes in the surveyed area were 

obtained from (Mlingano Agricultural Research Institute, 2006). The collected undisturbed soil 

samples were analyzed at the Mbeya University of Science and Technology (MUST) chemistry 

laboratory to determine bulky density. Error! Reference source not found. shows sample 

collection in Kyela, which involved taking topsoil samples, subsoil samples, and other related farm 

information.  

2.3.2 Laboratory methods 

Soil samples were gently crushed through a 2 mm sieve. The pH_H2O and pH_KCl of the soil were 

measured potentiometrically with a pH meter (VWR pH 1100L) in 1:2.5 Soil: Water and soil:1N 

KCl ratios, respectively. 

2.3.2.1 Bulk density determination 

All samples were oven-dried at 105 °C for 24h. Bulk density was calculated as dry weight divided 

by volume using the following formula 

BDg = Mdry soil/Vcore                                                                                                                                                                               (3) 

Whereas; 

BDg: gross bulk density (g/cm3)  

Mdry soil: mass of oven-dried soil (g) 

Vcore: volume of the soil (100 cm3) 

3.3.2.2 Soil texture measurements 

Soil texture was determined by laser diffractometer Mastersizer 3000 (Malvern, UK) with Hydro 

LV dispersion unit as described by (Makó et al., 2017). 

3.3.2.3 Soil organic carbon and nitrogen analysis 

Vario Max Cube organic elemental analyzer was used to analyze soil samples for total carbon and 

nitrogen contents of the sieved and ground soils, by burning the sample with pure oxygen in a helium 

atmosphere (4.6 He), at 1150 C°. The concentration (%) of the carbon and nitrogen was determined 

separately by the TCD detector. The method is parallel with the Dumas burning method for carbon 
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measurement of a sample, whereby the sample is balanced with the inorganic carbon content (usually 

from carbonate), and multiplied by 1.714 to get the organic carbon content of the soil. Given that 

the pH levels of the sites varied from normal to acidic, it was inferred that the soil did not contain 

inorganic carbon. The lack of inorganic carbon was verified using an HCl test conducted on all 

samples, hence the total carbon content was regarded as SOC. The C: N ratio of the soil samples 

was determined using carbon and nitrogen concentrations obtained from CNS elemental analyzer. 

2.3.2.4 SOC Stock calculations 

The soil organic carbon stocks for each collected depth were determined by utilizing the SOC 

concentration, depth thickness and bulk density, as per the equation (4) below. 

SOCstock(i) = Ci × BDsample × depth(i)                                                                                                (4) 

Whereas: BDsample is the bulk density of the soil, SOCstock(i) is the SOC stock of the investigated soil 

layer (i) (Mg ha-1), C(i) soil is the content of SOC in (%) and depth(i) is the depth of the respective 

soil layer (cm). 

2.3.3 Statistical analysis on Soil Organic Carbon distribution 

Pearson correlation was used to determine the relationship between different soil parameters in the 

studied sites. The lme4 package (Douglas Bates et al., 2015) was utilized in R software to enable th

e use of standardized/normalized residuals in residual plots, instead of raw residuals.  

ANOVA and Tukey's HSD test were both applied to derive the letter designations in tables and fig

ures at statistical significance levels p < 0.05.  

The data from agricultural sites were analysed by using Linear Mixed-Effect Models (LMEM)  

to determine the influence different factors on SOC and SOC stock distribution. Additionally,  

the package permits more intricate combinations of random effects. In linear mixed-effects models 

(LMEM), R² comprises marginal and conditional R², where marginal R² denotes the variance 

accounted for by fixed effects, and conditional R² encompasses both fixed and random effects, 

utilizing the MuMIn package (Bartoń, 2024). Model 1 is a linear mixed-effects model that includes 

the fixed effects of soil type, and the random effect of sites. Model 2 is analysis of variance (aov) 

that includes SOC concentrations as response and soil type as fixed effect for models that were 

singularly fitted. Model3 has crop type as a fixed factor.  

SOC as response and sites as a random effect.  
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Model1 <- lmer(Response ~ soil type + (1 |Sites), data = Data) 

Model3 <- aov(Response ~ soil_type ,data = Data) 

Model2 <- lmer(Response ~ crop type + (1 |Sites), data = Data) 

NOTE: Response = SOC concentration and SOC stocks 

These models accounted for the influence of soil type, crop type and site variations on the 

distribution of SOC across the studied agricultural sites. Mean separations were determined using 

the random intercept model utilizing Tukey's post hoc HSD test with a significance level of p = 0.05. 

For SOC concentrations and stocks mean separation, the weighted mean was used. The study 

employed Pearson correlations to investigate the associations between soil parameters in different 

agricultural sites. The data were analyzed using R statistical program version 4.3.2.  

2.4 Spectral measurements 

2.4.1 Pre-processing, measurement and analysis 

The preprocessing of absorbance spectra involved applying a moving average window with a width 

of 17 bands and utilizing the Savitzky-Golay filtering techniques developed by (Abraham Savitzky 

and Marcel Golay, 1964). Both approaches were utilized to reduce and eliminate noise, which refers 

to random variations in the signal's surroundings. The techniques of coning and quartering were 

utilized to get 20g samples of soil, which were then manually crushed to a particle size of less than 

0.5um using an agate pestle and mortar. This resulted in a fine powdered particle size ranging 

between 20 and 53um. The samples were dried by exposure to air and then passed through a sieve 

with a maximum aperture size of 2mm to ensure uniformity. The fine soil samples were transferred 

into aluminum sample cups using a micro spatula, and then the loaded samples were positioned in 

the sample storage tray. Prior to measurement, the sample holder was aligned using a straight-edged 

tool and then positioned on the MIR bruker. Every sample was prepared in triplicate to ensure the 

area being researched was accurately represented. The Bruker Alpha II, which has a spectral range 

of 2500 - 25000 nm (4000 - 500cm-1), was employed to scan 240 soil samples. The measured 

spectrum reflectance was converted to an absorbance value using the equation: Absorbance = log 

(1/Reflectance). 
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2.4.2 Model building, validation and prediction 

Prior to model development, the mid-infrared spectral data and soil reference data were merged 

into a unified dataset.  

Both Random forest (RF), XGBoost and the Partial Least Squares Regression (PLSR) approach were 

employed separately to establish the correlation between the measured soil spectra and soil 

properties in a multivariate regression analysis in R (version 4.2.2) using the caret package (version 

2.5-0) and Ranger package for RF developed by Moritz Wright and Andreas Alfons ((Wright & 

Ziegler, 2017). The analysis involved centering the predictor variables within the approach. Wet 

chemistry data obtained from laboratory measurements were used as reference soil data to train the 

model for MIR spectral data. Partial Least Squares Regression (PLSR) method assesses the 

relationship between the soil spectra and its constituents by decomposing the spectra into a set of 

scores and eigenvectors. This process is described in detail by (Varmuza K & Filzmoser., 2016) and 

(Viscarra Rossel et al., 2006). The Partial Least Squares Regression (PLSR) equations can be 

expressed as:                                           

                                                 X = TPT + E                                                                                 (5) 

                                                 Y = UQT + F                                                                                 (6) 

Where: X = predictor variables, Y = response variables, T and U are score matrices, P and Q are 

loading matrices, E = matrix of residuals for X, and F = matrix of residuals for Y. 

Thus, PLSR evaluates the correlation between the spectra and the soil constituents during the 

decomposition of the soil spectra into a collection of eigenvectors and scores. RF as ensemble 

learning method builds multiple decision trees during training and outputs the average or majority 

vote of the individual trees, leading to improved accuracy and generalization. As recommended by 

(Liaw & Wiener, 2002), the RF analysis was conducted using the following parameters: node size = 

5, number of variables utilized in each tree (mtry) = 5, number of trees of the model (ntrees) = 500, 

and number of variables divided by 3. Additionally, RF gives the model's variables' significance, or 

how the prediction accuracy varies when one variable is removed while keeping the others in place. 

Accordingly, a variable is more significant for the model if it is eliminated and the prediction error 

rises (Breiman, 2001; Liaw & Wiener, 2002). 
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XGBoost (Extreme Gradient boosted) decision based on tree implementation. It is applicable to both 

classification and regression models. Similar to existing boosting techniques, it constructs the model 

step-by-step and expands on them by permitting optimization of an arbitrary differentiable loss 

function (Chen and Guestrin, 2016). XGBoost models utilized nrounds = 53, learning rate (η) = 2.7, 

lambda=0.1, and alpha=0.02. Depending on the sample size and to provide a robust in the models, 

10-fold cross-validation technique was performed to separately provide an optimistic assessment of 

the model's actual performance (PLSR, RF, and XGBoost)  (Dardenne et al., 2000). The technique 

involved randomly selecting K samples from datasets. One sample from each of the K subsamples 

is utilized to validate the results, while the remaining K-1 samples are either used as training data or 

to construct the classification model. The model with the most reduced RMSE and increased R2 

dependent on the validation set, the best fitted model was chosen.  

2.4.3 Models performance and accuracy 

The evaluation of soil attribute models involved a comparison between anticipated values (based on 

MIR spectral data) and observed values (based on reference soil data) utilizing many criteria.  The 

model performance in PLSR, RF and XGBoost were evaluated by calculating the coefficient of 

determination (R2), root mean square error (RMSE), and mean absolute error (MAE). The prediction 

accuracy of the regression model was categorized into three groups based on the ratio of performance 

to deviation values and the dependability of the prediction was determined based on the coefficient 

determination which are good prediction, average prediction and poor prediction accuracy  

2.4.4 Statistical analyses on the performance of predictive models 

Descriptive statistics, such as mean, minimum, maximum, standard deviation, median, count, 

skewness, kurtosis, and coefficient of variation, were calculated to describe the variability of soil 

properties for both reference soil data (conventional soil analyses, CNS elemental analyzer and Laser 

diffraction method), and the entire sample set (data on soil properties predicted by PLSR model). 

PCA was conducted on the preprocessed first derivative soil spectra to visually represent the variety 

of spectral signatures in the entire dataset of soil samples. All statistical analyses were performed 

using R software 4.3.2. 
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3. RESULTS AND DISCUSSIONS 

3.1 Awareness and Adoption of Smallholder Farmers of IAPs 

3.1.1 Demographic information characteristics of the interviewed respondents 

A total of 206 respondents were interviewed from five locations(wards) in the Southern part of 

Tanzania (Table 3). The dominant age group was found to be 18–34 years, representing 40% of the 

studied group. About 64% of the study population was male, and primary school education 

accounted for 51%. The majority of the farmers (56%) were married, and this was consistent across 

all regions studied. Farming experience was dominated by 1 – 5 years (40%) while “more than 10 

years” of experience came second with 30% of the interviewed farmers. The Mbozi district (Mlowo) 

stands out with a higher number of females, a notable absence of college education, a prevalence of 

smaller household sizes, and a considerable presence of individuals aged 45-64 (Table 3). Academic 

underachievement in secondary schools and the lack of employment opportunities in the region 

explain this phenomenon (Laizer et al., 2019; Mushi et al., 2022). In Mbozi districts, there was a 

higher participation of females in agricultural activities compared to males (NBS, 2022). This could 

be attributed to the fact that Mbozi district is predominantly inhabited by two prominent ethnic 

groups, namely the Wanyiha and Wanyamwanga (NBS, 2022). This could be further explained by 

the reason that men belonging to these tribes often marry and leave their families, migrating to other 

areas that provide better employment opportunities in non-agricultural sectors (Christopher & 

Helena, 2018). 

While mono-cropping, mixed crops, and livestock keeping were the most common cropping systems 

observed across the field under study, the majority of farmers rely on rainfall as their primary source 

of water for irrigation. This study emphasizes that in underdeveloped nations, mixed crop-livestock 

systems are the main source of income. Additionally, the findings show that farms are not vulnerable 
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to flooding based on regional climate trends and topography as reported by (Ahmad & Ma, 2020; 

Tsheko, 2003). 

This study emphasizes that in underdeveloped nations, mixed crop–livestock systems are the main 

source of income. Because they frequently rely on rainfall for their farming operations, farmers in 

these areas are vulnerable to climatic fluctuations. 
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Table 3: Demographic information of the studied population (n = 206) 

Variable (%) Data collection sites 

  Kyela Mbalali 
Mbeya 

Urban 
Mbozi Tukuyu Mean(SD) 

Chi  

Square, p 

- value 

Gender 
Male 77.5 76.2 56 45 62.8 63.5(6.1) x2=7.3 

Female 22.5 23.8 44 55 37.2 36.5(6.1) p = 0.007 

Marital 

status 

Single 10 19 22.5 20 39.5 22.2 (10.8)  

Married 87.5 78.6 77.5 77.5 55.8 75.4 (11.7) x2 = 457 

Divorced or 

separated 
2.5 2.4 0 2.5 4.7 

2.4 (1.7) 
p<0.0001 

Education 

level 

No formal 

education 
2.4 2.4 7.3 12.5 3.9 3.9 (1.9) 

 

Primary 

school 
14.3 46.3 63.4 37.5 51.2 51.2(8.2) 

 

Secondary 

school  
50 48.8 21.9 50 32.6 32.6(5.7) 

 

College 28.6 2.4 7.3 0 9.3 9.52(5.1)   

Household 

size 

< 1Ha 27.5 30 41.5 77.5 41.9 41.9(8.9)        

1 - 5 Ha 72.5 70 58.5 22.5 58.1 56.32(8.9)   

Age (years) 

18-34 20 59.5 31.7 20 39.5 39.5 (7.3) x2  = 25.5 

35-44  22.5 28.6 17.1 12.5 27.9 27.9(3.1)) p<0.0001 

45-64 45 11.9 39 45 27.9 27.9 (6.3)  

>65 12.5 0 12.2 22.5 4.7 4.7 (3.8)   

Farming 

experience 

<1year 2.5 9.5 34.1 2.5 9.3 11.6 (13.1)  

1 – 5 42.5 61.9 29.3 50 16.3 
40.0 (17.8) 

x2  = 

217.6 

10-Jun 14.6 7.1 7.3 30 30.2 17.8 (11.6) p<0.0001 

>10 39 21.4 29.3 17.5 44.2 30.3 (11.3)   

Cropping 

system 

Monocropping 14.7 29.4 23.5 6.6 25.7 20.0 (9.2)  

Mixed crops 17.7 29.0 20.8 25.0 6.3 19.8 (8.7)  

Livestock 

keeping 
13.5 45.9 2.7 37.8 18.9 

23.8 (17.8) χ² =  554.5 

Crop rotation 13.5 45.9 2.7 37.8 18.9 23.8 (17.8) p <0.0001 

Polyculture 

system 
80.0 20.0 0.0 0.0 0.0 

20.0 (34.6)  

Integrated 

culture system 
1.0 0.0 0.0 0.0 0.0 

0.2 (0.5)  

Water 

source 

Irrigation 3.6 92.9 0.0 3.6 0.0 20.0 (40.8) χ² =  333 

Rainfall 21.4 15.1 21.9 20.8 21.4 20.1 (2.8) p <0.0001 
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Fallowing 

time 

1-4 months 14.3 29.5 24.1 20.5 11.6 20.0 (7.3)   

5-6 months 10.2 0.0 28.6 24.5 36.7 
20.0 (14.7) 

χ² = 

 206.9 

Plough 

immediately 
31.3 31.3 0.0 2.0 25.0 

17.9 (15.7) p <0.0001 

Less than one 

month 
56.0 20.0 0.0 4.0 20.0 

  

 Exposure 

to flood 

Yes 74.2 19.4 3.2 0.0 3.2     

No 10.3 21.3 22.4 23.0 23.0   

Manure 

Application 

Cattle manure 12.4 22.1 18.6 14.2 32.7 20.0 (8.0)   

Poultry 

manure 
6.1 9.1 57.6 9.0 0.0 16.4 (23.3) 

 

Goat manure 0.0 25.0 50.0 25.0 0.0 20.0 (20.9) χ² =  438 

Farm yard 

manure 
31.8 13.6 4.5 9.1 40.9 20.0 (15.6) 

p <0.0001 

Compost 

manure 
28.1 0.0 0.0 6.3 59.4 18.8 (25.5) 

 

Not applicable 32.9 23.7 22.4 21.1 0.0 20.0 (12.1)   

Top 

dressing  

Yes 15.0 39.0 25.0 15.0 1.0   

No 25.5 3.8 15.1 23.6 37.7     

 

The results in (Figure 3) depict that 59% of the female-headed households have better soil 

information on IAPs than men. According to studies, women are frequently in charge of overseeing 

small-scale farming and land resources in rural areas, which makes them more aware of both 

agricultural factors and environmental changes as reported by Meinzen-Dick. (2011). Furthermore, 

Women in Tanzania's southern highlands are more exposed to and dependent on local ecological 

knowledge since they are frequently in charge of crop selection, soil preparation, and residue 

management (Mnimbo et al., 2017). Never the less, women are regularly the focus of capacity-

building interventions by NGOs and agricultural development programs in the area. This may help 

them become more aware of better agronomic practices, such as managing invasive alien plants 

(IAPs) and maintaining soil health (Agunga et al., 2018; URT, 2014).  

Higher (28%) soil information was observed among young household heads aged between 25-34 

years (Figure 3). Similarly, household heads with primary education levels have higher soil 

information on IAPs, followed by those possessing a secondary level of education. Levine's test was 

conducted to assess the equality of variances between genders. The results indicated a significant 

difference (p >0.05) in soil information about IAPs between male and female household headships. 
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However, the One-Way ANOVA analysis at p >0.05 revealed no significant difference in the 

knowledge of both soil type and soil information towards IAPs based on household head age and 

education level. 

 

Figure 3:  Awareness of Soil information on IAPs by gender, age, and education level 

3.1.2 Soil conservation practices in the selected sites 

Crop residues (Table 4) are utilized to feed livestock such as goats, cows, and sheep. Incorporating 

these residues into the soil, a practice passed down through generations enhances soil organic content 

and fertility for subsequent cultivation seasons (Mng’ong’o et al., 2021a; Rogers et al., 2022). 

Approximately 80% of farmers were actively engaged in soil conservation practices, with minimum 

tillage or no tillage (21%), crop rotation (19%), and strip cropping (18%) achieving high scores.  

The methods used to control residue varied according to the type of agriculture. Crop wastes were 

frequently used as fodder on livestock farms ((Blummel, 2013)), while they were more often left in 

place (incorporated in situ) on non-livestock farms to enhance soil organic matter (Wilhelm et al., 
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2004); (FAO, 2011)). Accurately determining residue presence on fields depends on understanding 

these differing priorities. About 20% of respondents were not involved in any conservation practices. 

Contour farming and terracing were the least practiced by smallholder farmers. Farmers used 36% 

of crop residues as fodder and integrated 32% into the soil (Table 4). The “none” response was 

observed with 19% of soil conservation practices. 

Table 4: Conservation practices and residue management by smallholder farmers in the selected 

sites (n = 206) 

Variable  Respondents Respondents (%) 

 Burning 28 13.6 

 Composted 35 17.0 

 Incorporated in situ  66 32.0 

Residue 

management Used as fodder               
74 35.9 

 Used for fuel  3 1.5 

 Contour farming               1 0.3 

 

Minimum tillage or no 

tillage                
70 20.5 

 Strip cropping            60 17.5 

 Terracing 20 5.8 

Soil conservation 

practices Crop rotation      
66 19.3 

 Mulching  25 7.3 

 Cover crops 0 0.0 

 Tillage    35 10.2 

 None 65 19.0 

 

4.1.3 Awareness to improved agricultural practices (IAPs) 

Our results revealed three-quarter of the studied population had no information about the use of IAPs 

in their farms, while more than 80% of the same population lacked information about soil type 

associated with their farmland (Figure 4). Majority of farmers (65%) reported to be unfamiliar with 

either of the agricultural experts, while only a quarter of the farmers identified extension service 
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officers as their source of knowledge. Only 24% of farmers relied on information from extension 

service officers whereas 65% of the respondents were not aware of these group of experts (Figure 

4). This could be associated with insufficient agricultural extension services provided to the 

societies, as mentioned in some articles  (Baloch & Thapa, 2019; Laizer et al., 2019; Srijna Jha, 

2021). Encouraging more extension services to smallholder farmers regarding IAPs could augment 

the efforts of extension agents and enhance the crop yield. 

 

Figure 4: Awareness and adoption of IAPs (A), and the source of information on IAPs (B)  

3.1.4 Farmers adoption to improved agricultural practices (IAPs) 

About 72.5% of respondents were motivated to adopt various IAPs with the higher number of 

respondents being observed in “increase crop yield” as shown in (Figure 5A).  As reported by 

(Abdul-Majid et al., 2024; Wordofa et al., 2021), smallholder farmers' adoption to IAPs is mostly 

driven by higher crop yields and increased household income. Our results are also in line with 

findings previously reported by (Ashrit & Joshi, 2024) on agricultural systems who discovered that 

farmers' acceptance of improved techniques and their understanding of sustainable agricultural 

practices were linked to higher yields. Apart from that, most of farmers (75.9%) adopted IAPs 

especially in fertilize type, land preparation methods and weed control practices (Figure 5B). Both 

agricultural experts and reduce pests and disease problems also plays important role in the farmers’ 

adoption to IAPs. 
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Figure 5: Motivation towards smallholder farmer’s adoption to IAPs (A) and adopted IAPs (B) 

3.1.5 Estimation of factors influencing farmer’s adoption of IAPs 

Table 5 shows the findings of the predicted Probit regression model coefficient estimates in column 

2 and marginal effects in column 3. The sign and magnitude of the marginal effect indicate the 

direction of the independent variables’ effect and the predicted effect of the dependent variable 

correspondingly (Baiyegunhi et al., 2022; Danso-Abbeam & Baiyegunhi, 2018). The likelihood ratio 

test value of -83.34 depicts that the utilized probit regression model and the selected determinant 

variables of adopting IAPs fits the data correctly. The pseudo-R2 value (0.3471), with a significantly 

(P=0.010<0.05) larger LR Chi-square value (88.61) points out that the estimated probit model has 

significant explanatory power, thus the idealness of the model information. 

Among the selected independent variables influencing adoption of IAPs, the marital status of the 

household head, farming period, flooding exposure, top dressing using inorganic fertilizer, fallowing 
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time, soil information, and soil type of the fam were observed to be significant predictors of 

household IAPs adoption at 5% significance level. Specifically, household marital status has a 

negatively significant influence on household IAPs adoption (β= -0.674; P<0.05). The marginal 

effect (see column 3) indicates that a positive change in household marital status by leads to a decline 

in the likelihood of adopting IAPs by 15.2% holding all other variables constant. These findings 

align with the observations made by (R. J. F. Burton, 2014) who observed that individual 

characteristics such as age, gender, and marital status influence the individual’s decision-making 

process and behaviors, hence providing understanding on how certain group of farmers can respond 

to certain situations.  

Additionally, the farming period has a significant negative influence on the household adoption of 

IAPs (β= -0.308; P<0.05), with marginal effect indicating that an increase in the farming period by 

1 year results in a decline in the adoption of IAPs by 7.0% at 5% confidence level. These findings 

are similar with the one observed by (Atari et al., 2009) that higher farming period and experiences 

reduces the likelihood of changing the agricultural production and conservation practices. 

Nevertheless, the findings contradict the observations made by (Coyne et al., 2021; Taylor & Van 

Grieken, 2015) who concluded that farmers with large experience and longer farming experience 

have a better understanding of the farm variability and operational efficiency, as most farmers learn 

through hands-on application and adoption of improved practices (Tey & Brindal, 2012). 
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Table 5: Results of probit regression for the IAPs adoption  

Dependent Variable: IAPS Adoption Coefficients  Marginal Effect 

Constant  -1.301  

Household head age  -0.131 -0.030 

Household head gender  -0.025 -0.006 

Household head marital status  -0.674** -0.152** 

Household head education level  0.130 0.030 

Farm size -0.236 -0.053 

Farming period -0.308** -0.070** 

Cropping system -0.007 -0.002 

Flooding exposure 1.142** 0.258** 

Water source -1.108 -0.251 

Top dressing  0.822** 0.186** 

Manure usage -0.394 -0.089 

Pest control practices 0.913 0.207 

Weed control  0.243 0.055 

Crop residue management  0.122 0.028 

The following time 

Yields after IAPs adoption 

0.281** 

0.325 

0.064** 

0.073 

Soil information  1.162** 0.263** 

Soil type 0.374** -0.085** 

LR Chi2(20) 88.61  

Prob >Chi2 0.0000  

Pseudo R2 0.3471  

Log likelihood -83.34  

No. of observations 206  

Note: * p<.1; ** p<.05; *** p<.01: Source: Author’s Construction (2023) 

 

The findings also indicated a significant positive effect of flooding exposure, top dressing using 

inorganic fertilizer, fallowing time, reception of soil information and soil type on the farmer’s 

adoption of IAPs in Tanzania at 5% confidence interval. Particularly, the coefficient of farmer’s 

farm exposure to flooding during growing or harvesting period (β= 1.142; P<0.05) and marginal 

effect of 0.288, implies that an increase in flooding exposure increases the household’s likelihood 
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of adopting IAPs by 28.8% holding all other factors constant. These findings align with findings 

observed by previous studies that farmer’s farm conservation awareness to natural catastrophes such 

as floods are effective in enhancing the likelihood of adopting improved agricultural skills and 

practices by inculcating additional and innovative skills (Ardoin et al., 2020; Du et al., 2019; T. Liu 

et al., 2018; Nilsson et al., 2020). 

Similarly, top dressing using inorganic fertilizer increases the farmer’s likelihood of adopting IAPs 

by 18.6% holding other factors constant. Allowing the land to fallow for a longer time increases the 

farmer’s likelihood of adopting IAPs by 6.4% holding other factors constant. Furthermore, the 

results showed that farmers receiving soil information have a higher likelihood of adopting IAPs by 

26.3%. These findings are in line with previous studies which concluded that farmers with access to 

information regarding their soil type and condition have a higher likelihood to adopt improved 

agricultural practices (IAPs) compared to those without access to soil information (Franco, 2020; 

Machingura et al., 2018; Mango et al., 2018). The soil type of the farm increases the likelihood of 

farmer’s adoption of IAPs by 8.5% holding all other factors constant 5% confidence interval. To 

enhance direct agricultural strategy and policy interventions for smallholder farmers in Tanzania, it 

is necessary to have a systematic and concurrent understanding of sustainability, adoption 

restrictions, and scaling-up of agricultural extensions. (Jha et al., 2020).  

3.2 Status of SOC and SOC stocks in different agricultural soil type 

3.2.1 Soil characteristics on selected agricultural sites 

Among the sites studied, silt loam and loam were the most frequently observed soil textures (Table 

6). The predominant soil type in Kyela, at both soil depths, was silt loam. The soil texture detected 

in both the topsoil and subsurface of Mbarali was predominantly loam. Loam soil was found at a 

depth of 0 - 20 cm in both Mbozi and Tukuyu. Clay loam soil was found at a depth of 20 - 50 cm in 

Mbozi, while sandy loam soil was found at the same depth in Tukuyu. The occurrence of loam and 

sandy loam soils in both Kyela and Tukuyu was influenced by the presence of Eutric Glayeic 

Fluvisol and Humic Umbric Nitisol, respectively. This could potentially explain why these places 

are commonly used for cultivating tubers (Kashuliza, 1998; Mpogole, 2012).  

Increased yield of crops, tubers, cash crops, vegetables, and fruits in Mbeya may be attributed to the 

presence of loam and silt loam soil textures, as demonstrated in our research. The soil textures 
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mentioned offer ideal circumstances for the growth of roots, the ability to retain water, and the 

availability of nutrients. These factors are crucial for the successful cultivation of a wide variety of 

crops. 

Both sites exhibited nearly identical pH values, with a small variation observed between the topsoil 

and subsoil layers. The pH levels varied between 5.9 and 6.4, with the lowest recorded in Kyela and 

Tukuyu. Tukuyu had a statistically significant (p<0.05) decrease in bulk density (BD) with values 

of 0.64 and 0.79 in the topsoil and subsoil, respectively. The pH levels in all the examined fields 

were somewhat acidic, ranging from 5.9 to 6.4. These findings are consistent with previous research 

conducted in various agricultural fields in Tanzania, as reported by  (Hamadi Mohamed et al., 2021; 

Mhoro et al., 2015b; Steven Merumba et al., 2020). 

The pH range measured in agriculture is optimal for the root environment, enabling the achievement 

of maximum or near maximum crop growth (Islam et al., 1980). The lack of statistically significant 

variations in soil pH at different depths, despite minor fluctuations, indicates a level of uniformity 

in the distribution of pH within the soil profile. This can be attributed to the regular mixing of soil 

through tillage in agricultural regions, which affects both the topsoil (0-20cm) and subsoil (20-50cm) 

depths (Blanco-Canqui & Ruis, 2018). Tillage practices such as ploughing potentially mixes soil 

layers, disrupts soil stratification and potentially homogenizing soil (Bauer et al., 2002; Blanco-

Canqui & Ruis, 2018) which can mitigate potential differences in pH between surface (topsoil) and 

subsurface (subsoil) layers. 

The bulk density (BD) of the topsoil was measured to be 0.98, 1.19, and 0.96 in Kyela, Mbarali, and 

Mbozi, respectively. With the exception of Tukuyu, there were no notable variations found in the 

bulk density (BD) of Kyela, Mbarali, and Mbozi at depths of 0 – 20 cm and 20 – 50 cm. The average 

clay concentration at a depth of 0-50 cm varied between 6.4±0.7 and 23.9±2.3, while the silt content 

ranged from 36.5±2.7 to 51.9±2.9, and the sand content ranged from 23.3±2.7 to 57.4±3.2. Our 

research indicates that soil bulk density increased progressively from the topsoil to the subsurface. 

However, the measures of bulk density indicate that the soils in issue are not compacted, which may 

be attributed to a limited use of current technology (Shah et al., 2017). Intensive agriculture, 

machinery irrigation techniques, and high mechanical load are the main factors causing compaction 

in soils. On the other hand, less compacted soils have lower bulk density, increased porosity, better 

aggregate stability index, higher soil hydraulic conductivity, and nutrient availability, resulting in 

improved soil health. These findings are supported by (Shah et al. (2017)  & Shaheb et al. (2021).  
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Mtama (2018) noted a comparable pattern in the investigation of pedology in the southern highland 

zone of Tanzania by employing traditional, step-by-step descriptions of soil samples. The soils in 

the areas he examined were characterized by significant depth, making them well-suited for 

cultivating crops with both long and shallow root systems. The chemical properties, pH, cation 

exchange capacity (CEC), base saturation (BS), soil organic matter (SOM), and nutrient balance 

studies demonstrated that these soils possess inherent health and fertility, making them suitable for 

the growth of various crops and the production of biomass and high crop yields. The samples 

obtained from Mbarali district exhibited elevated bulk density due to the prevalence of sandy silt 

clays and alluvial silt clays in the district's soil composition (Mbarali, 1980).  

The bulk density of the Mbozi area was found to be higher than that of Kyela and Tukuyu. This can 

be attributed to the presence of valleys, volcanic soil, and a combination of clay soil, sand, alluvial 

loam, and silt soil. The bulk density values nearly correspond to those reported by (Mfaume et al., 

2019). Tukuyu exhibited the lowest bulk density compared to the other three districts, perhaps due 

to the prevalence of Humic Umbric Nitisol as the predominant soil type. Humic Umbric Nitisol 

exhibits elevated levels of soil organic matter, which subsequently enhances soil porosity (Akinde 

et al., 2020; Chalise et al., 2019). The measured bulk densities suggest that the soils in question 

exhibit enhanced porosity, soil moisture, and hydraulic conductivity, all of which contribute to 

greater crop output. However, it is important to note that these soils may be susceptible to erosion 

as a result of ploughing. The references cited are (Bogunovic et al., 2018; Dam et al., 2005). 

Table 6: Soil properties in four different sampling sites 

  Soil physical 

parameters 
Depths Sampling sites 

     Kyela  Mbarali   Mbozi   Tukuyu 

      pH (H2O) 0 - 20 5.9±0.1a  6.3±0.1a  6.1±0.2a 6.0±0.1a 

 20 - 50 6.3±0.1a  6.4±0.0a  6.3±0.1a 6.2±0.1a 

 Mean±SE 6.2±0.1a  6.4±0.2a  6.2±0.2a 6.1±0.1a 

      Clay (%)  0 - 20 21.9±2.6a  15.8±1.6b  26.4±1.2a 7.8±1.5c 

 20 - 50 25.9±2a  14.8±2.2b  32.4±1.8a 4.9±0.8c 

 Mean±SE 23.9±2.3a  15.3±1.9b  29.4±1.5a 6.4±0.7c 

      Silt (%)  0 – 20        50±3.7a          36.5±2.4b          43.7±1.8b            41±2.5b 

 20 - 50 53.8±2.1a  25.2±2.4b  42±3c  32.1±2.7d 
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 Mean±SE 51.9±2.9a  30.8±2.4b  42.8±2.4a 36.5±2.7b 

      Sand (%)  0 - 20 26.2±2.6a  47.7±2b  30±2.8a  51.3±3.8b 

 20 - 50 20.3±2.7a  59.1±4.2b  26.1±4.3a 63.4±2.8b 

 Mean±SE 23.25±2.7a  53.4±3.6b  28.5±3.5a 57.4±3.2b 

Bulk density 

(g/cm3) 
0 - 20 0.98±0.04a  1.19±0.02a  0.96±0.1a 0.64±0.03b 

 20 - 50 1.31±0.04a  1.3±0.02a  1.36±0.1a 0.79±0.02b 

 Mean±SE 1.14±0.04a  1.26±0.02a  1.16±0.5a 0.72±0.02b 

Soil texture 
0 - 20 Silt loam   Loam   Loam Loam 

20 - 50 Silt loam   Loam   Clay loam Sandy loam 

Note: Means with small letters in the same row with identical superscripts for different sampling 

sites do not show statistically significant differences at a significance level of α = 0.05 based on 

Tukey's HSD test  

3.2.2 Soil and crop types as predictors of SOC concentrations and stocks by Linear mixed 

effect model (LMEM) 

We conducted a study to examine how different types of crops and soils affect the content and stock 

of soil organic carbon (SOC) in both the topsoil and subsoil. We used linear mixed-effects models 

(lme4 and lmertest) to analyze the data, and the results are presented in (Table 7). The linear mixed 

models used to predict SOC concentration and stocks in the topsoil were individually fitted with soil 

types as fixed effects and site as random factors. The models were found to be singular, suggesting 

that one or more variances were extremely close to zero (Brown, 2021; Matuschek et al., 2017; 

Nobre & Da Motta Singer, 2007).  

Consequently, each of those data sets were subjected to analysis of variance. The content and stocks 

of soil organic carbon (SOC) were significantly impacted by different soil types (p-value = 1.18e-8 

for SOC content and p-value = 0.004 for stocks), with the maximum SOC content and stocks seen 

in the Humic Umbric Nitisol. The results highlight the crucial influence of soil type, particularly 

Humic Umbric Nitisol, in regulating levels of soil organic carbon (SOC) in agricultural areas in the 

Southern part of Tanzania. In the subsoil, the correlation between SOC content and soil type was 

even more pronounced, with soil type alone accounting for a substantial proportion of the variability, 

exceeding 50%. Cai et al, (2016) & Wiesmeier et al, (2012) highlighted that nitisols typically have 

higher SOC concentrations than other soil types in the study area. This might be caused by a number 

advantageous characteristics, such as stable aggregates that prevent erosion and preserve organic 
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matter, and clay content that strengthens organic matter stabilization through chemical bonding and 

physical protection. The finding is different from literature reviews which highlights Molic Andosol 

to have more SOC followed by Humic Umbric Nitisol, Eutric Leptosol and finally Eutric Gleyic 

Fluvisol in the studied soil type (Jakšić et al., 2021).  

The overall model for soil organic carbon (SOC) content in the topsoil, considering different crop 

kinds, exhibited a strong explanatory ability (conditional R² = 0.75). Nevertheless, the crop kinds 

alone accounted for a minimal amount of the variation, with a marginal R² value of 0.04. The model 

for soil organic carbon (SOC) content in the subsoil, including crops, exhibited a substantial overall 

explanatory capacity (conditional R² = 0.75). However, crop types only accounted for a small 

proportion of this explanatory ability (marginal R² = 0.05), as indicated in (Table 7). The model 

elucidates that soil organic carbon (SOC) levels found among different sites were not significantly 

influenced by both agricultural practices and crop types. This suggests that inherent soil properties 

may overshadow the effects of agricultural practices and crop types on SOC levels.  

Due to differences in soil type, climate, and management intensity, some studies have found minor 

or inconsistent effects of particular methods on SOC, while others have found large effects. For 

instance, the strength of these effects can differ, and they might not always result in statistically 

significant shifts in the overall levels of SOC (C. Liu et al., 2024). Never the less, numerous 

interrelated factors, including as geography, land-use history, and climate variability, affect SOC 

dynamics. These variables may interact in areas to mask the distinct impacts of crop kinds and 

agricultural techniques on SOC. Our findings seems to be contrary to number of studies which show 

that farming as well as crop types have significant influence on the SOC (Balkovič et al., 2020; 

Gocke et al., 2023; Söderström et al., 2014; Q. Wang et al., 2025). 

Table 7: Impact of fixed effects (crop and soil types) and random effect (sites) on SOC 

concentrations and stocks on the topsoil (0 – 20cm) depth 

Models Fixed  

effect 

Rando

m  

factor 

P value 

(Fixed 

effect) 

P value  

(random 

effect) 

Conditional 

R2 

Marginal  

R2 

SOC 

content 

      

Model1 Soil type Sites  1.18e-8  0.001  0.79 
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Model2 Soil type   -  1.18e-8 0.001   

Model3 Crop type Sites  0.63     0.75 0.04 

SOC stocks   

Model1 Soil type Sites  1.18e-8   0.001  0.55 

Model2 Soil type    -  1.18e-8      

3.2.3 Soil organic carbon concentrations and stocks in different soil type 

The Humic Umbric Nitisol exhibited a substantially (p<0.05) greater concentration and stock of Soil 

Organic Carbon (SOC) in comparison to the other soil types mentioned in (Table 8). The amounts 

of SOC concentrations were assessed using the Booker tropical soil manual (Landon, 1985). With 

the exception of the Humic Umbric Nitisol, which had a moderate (4-10%) concentration of soil 

organic carbon (SOC), all the other three soil types had a low (<2%) SOC content in the topsoil. 

Table 8: Distribution of SOC and SOC stocks based on soil type. Same letters (“a”) indicate no 

significant difference of SOC concentrations in the same column (n = 72) 

 

 Soil types 

Topsoil (0 – 20cm) Subsoil (20 – 50cm) 

SOC conc (%) SOC stocks (%) SOC conc (%) SOC stocks (%) 

Eutric Leptosol 1.60a 39.30a 0.76a 20.60a 

Eutric Glayeic Fluvisol 1.70a 35.90a 0.97a 27.20a 

Molic Andosol              1.80a 34.20a 0.94a 25.10a 

Humic Umbric Nitisol 4.40b 54.80b 3.25b 51.90b 

Note: Means with small letters in the same row with identical superscripts for different sampling 

sites do not show statistically significant differences at a significance level of α = 0.05 based on 

Tukey's HSD test 

Soil types vary in their fertility and can affect the distribution of plants, characteristics of vegetation, 

and levels of soil organic carbon (SOC) (Paz et al., 2016).  

Figure 6 and Figure 7 demonstrate that Humic Umbric Nitisol has a higher concentration of soil 

organic carbon (SOC) compared to other studied soil types. Furthermore, (Figure 6) reveals that 

maize has the highest SOC concentration in the topsoil, followed by banana among the different 

crop kinds. While the impact of different crop types on soil organic carbon (SOC) concentrations 
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was not statistically significant, it is worth noting that banana and mixed crop types exhibited greater 

SOC reserves in the subsoil. This is consistent with the findings presented by (Monroe et al., 2016), 

who emphasized a correlation between soil organic carbon (SOC) stocks and various agricultural 

systems. 

 

 

Figure 61: Distribution of SOC concentrations based on (a) soil type and (b) crop type (0 – 20 cm) 
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Figure 7: Distribution of SOC based on (a) soil type and (b) crop types (20 - 50 cm) 

3.2.4 Soil organic carbon concentrations and stocks in different crop type 

In the analysed crop type, the concentrations of SOC ranged from 0.76 to 4.27, while the stocks 

ranged from 20.60 to 55.36 Mg/Ha, as shown in (Table 9). Significant variations in the distribution 

of soil organic carbon (SOC) were identified in both the topsoil and subsoil. However, these 

differences did not reach statistical significance, as shown in (Table 9). Several studies have shown 

that different factors, such as tillage, fertilizer methods, residue management, irrigation, and 

pesticide use, have a notable influence on both crop productivity and the storage of carbon in soil 

within agroecosystems (Ratnayake et al., 2014), which explain the variations of SOC in the studied 

crop types.  

Banana crops exhibited the largest concentrations and stocks of SOC (soil organic carbon) in both 

the topsoil and subsoil layers compared to other crop types. This is attributed to the fact that banana 

fields undergo less tillage, as reported by  

Krauss et al., (2022). The concentrations and stocks of soil organic carbon (SOC) were greater in 

the uppermost layer of soil compared to the lower layer for all types of crops. This difference may 

be attributed to increased microbial activities in the uppermost layer of soil (Tian et al., 2016).  
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From Booker Tropical Soil Manual (Landon R. J, 1991), the concentrations of Soil Organic Carbon 

(SOC) in the topsoil of coffee, onions, and sweet potatoes are classified as extremely low, measuring 

less than 2%. Maize, mixed cropping, and rice have low SOC concentrations, ranging from 2% to 

4%. On the other hand, banana has a medium SOC concentration, ranging from 2% to 10%. The 

subsoils included low quantities of soil organic carbon (SOC) in the banana and mixed cropping 

soils, but all other crop types showed extremely low SOC concentrations. 

Table 9: Distribution of SOC and SOC stocks based on crop type. Same letters (“a”) indicate no 

significant difference of SOC concentrations in the same column 

Crop types Topsoil (0 - 20cm) Subsoil (20 - 50cm) 

SOC conc (%) SOC stocks (%) SOC conc (%) SOC stocks 

(%) 

Banana 4.27a          52.24a 3.40a          55.36a 

Coffee 1.51a 32.13a 0.80a 21.03a 

Maize 2.60a 44.95a 1.47a           31.22a       

Mixed 2.53a 35.75a 2.12a 38.60a 

Onions 1.76a 43.45a        0.76a 20.60a 

Rice 2.01a 37.80a 1.03a         27.02a      

Sweet potatoes 1.21a 33.45a 0.93a 34.95a 

Note: Means with small letters in the same row with identical superscripts for different sampling 

sites do not show statistically significant differences at a significance level of α = 0.05 based on 

Tukey's HSD test 

3.3 Prediction of selected soil properties by PLSR, RF and XGBoost Models 

3.3.1 Assessment of selected soil properties for calibration on MIR spectra 

The sub-soil samples selected using the Kennard-Stone algorithm were used to calibrate and validate 

the predictive models. These samples were analysed using traditional laboratory procedures and 

covered a broad spectrum of soil fertility characteristics (Table 10). The soil attributes had a usually 

positive skewness in their distribution, with the exception of bulk density, clay, silt, and sand, which 

displayed a negative skewness, same range of the results were previously reported for top soil by 
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Viscarra Rossel et al. (2016) and J. Johnson et al. (2019). Except for pH and BD values, which have 

a coefficient of variation (CV) of less than 18%, the soil parameters (total SOC, SOC stocks, total 

N, clay, silt, and sand) showed substantial variance, with CV ranging from 31% to 71.9%. The 

significant range of variation in the sub-sample set is appropriate for the calibration and validation 

of the entire (Nduwamungu., 2009; J. M. Johnson et al., 2019; Mohammedzein et al., 2023). 

Table 10: Descriptive statistics of soil properties of the reference (cross-validation) soil samples 

Soil 

properties 

  

 

Descriptive statistics 
Soil depth 

    Mean n Max Min Range 
Std. 

Dev 
Skewness 

CV 

(%) 

pH  
0 - 20 cm 6.1 40 6.90 5.50 1.40 0.32 0.70  

20 - 50 cm 6.2 40 6.80 5.90 0.90 0.22 0.37 5.25 

BD 

(g/cm3) 

0 - 20 cm 0.94 40 1.30 0.50 0.75 0.23 -0.22 3.55 

20 - 50 cm 1.22 40 1.45 0.71 0.74 0.22 -1.30 24.47 

Clay (%)  
0 - 20 cm 17.97 40 32.80 3.10 29.70 8.50 -0.01 18.03 

20 - 50 cm 19.5 40 37.00 2.10 34.80 11.70 -0.06 47.30 

Silt (%)  
0 - 20 cm 42.8 40 61.30 27.80 33.40 8.70 0.34 60.00 

20 - 50 cm 38.2 40 56.80 15.50 41.30 12.20 -0.02 20.33 

Sand (%)  
0 - 20 cm 39.25 40 65.70 10.90 54.80 14.90 -0.34 31.94 

20 - 50 cm 42.2 40 79.10 11.50 67.50 21.60 0.04 37.96 

  Total 

[SOC ]% 

0 - 20 cm 2.36 40 6.54 0.62 5.90 1.36 1.50 51.18 

20 - 50 cm 1.53 40 5.20 0.37 4.80 1.10 1.70 57.63 

Total 

[N]%  

0 - 20 cm 0.2 40 0.54 0.06 0.48 0.10 1.60 71.90 

20 - 50 cm 0.13 40 0.43 0.04 0.39 0.09 1.50 50.00 

SOC stock 

(mg/Ha) 

0 - 20 cm 40.22 40 83.70 15.50 68.17 14.80 1.10 69.23 

20 - 50 cm 32.8 40 83.80 10.30 73.50 17.40 1.20 36.80 
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3.3.2 Spectral pre-processing and spectral assessment  

The spectral characteristics of all the soil samples exhibited a high degree of similarity, as depicted 

in (Figure 8). The absorbance values observed in this investigation varied from 0.5 to 2.8 which is 

consistent with the range reported in prior studies (Towett et al., 2015). Nevertheless, there are 

modest variations compared to other research that examined different agricultural soils and 

documented absorbance values ranging from 0 to 1.2 (Johnson et al., 2019; Michel et al., 2009; Terra 

et al., 2015; Viscarra Rossel et al., 2006). As anticipated and previously demonstrated by (Kim et 

al., 2022; MohammedZein et al., 2023; Santos et al., 2015), moving average (5nm) was applied as a 

preprocessing (smoothing tool) to accurately increase prediction features (Figure 8B and Figure 9B). 

The MIR region is distinguished by its overall and powerful absorption, mostly driven by intense 

fundamental vibrations. This finding aligns with the observations made by (Johnson et al., 2019; 

Viscarra Rossel et al., 2006). Due to the complexity of soil, which consists of several mixed 

molecules, the absorption of various mineral and organic characteristics may occur simultaneously, 

making interpretation of individual component important. The scores and eigenvectors obtained 

from the principal component analysis (PCA) of the preprocessed MIR spectra were used to visually 

represent the distribution of the soil samples as shown in (Figure 10A). Three dominant PCA 

accounted for 61% of the spectral variance (Figure 10B). The Mahalanobis application indicated the 

absence of any outlier samples as in (Figure 10B). 
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Figure 8: Absorbance spectra (pre-treatment) of the whole soil samples dataset in (A) and only 

reference soil datasets in (B) Mid-Infrared Reflectance spectroscopy (MIR) 4000 - 500 cm-1 
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Figure 9: Absorbance spectra (processed by moving average) of the whole soil samples dataset 

(A), and reference soil dataset (B) in Mid-Infrared Reflectance spectroscopy (MIR) 4000–500 cm-1 
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Figure 10: Outliers based on Mahalanobis (6A) and principal component analysis (PCA) showing 

scores and eigenvectors of the preprocessed MIR spectra (6B) on reference soil data (n = 72) 

3.3.3 Assessment of 10-fold cross-validation models on PLSR 

Only 10-fold cross-validation models for PLSR are included in this part due to their good 

performance over RF and XGBoost models. PLSR is a widely used, straightforward, and user-

friendly multivariate regression technique that has proven to be effective in estimating the physical 

and chemical characteristics of the soil (Adeline et al., 2017; Sila et al., 2017a; Terhoeven-urselmans 

et al., 2010). Partial-least-squares regression (PLSR) cross-validation methods were created for each 

soil attribute using mid infrared spectral data and soil reference data, which made up around 28% of 

the entire sample. Good cross-validation models for PLSR were observed on total SOC (R2 = 0.83, 

RMSE = 0.70), total nitrogen (R2 = 0.81, RMSE = 0.06), clay contents (R2 = 0.77, RMSE = 5.20) 

and bulk density (R2 = 0.71, RMSE = 0.15) according to the classification selected for the appraisal 

of the predictive models. In general, satisfactory to good models (0.56≤R2≤0.97) were recorded for 

bulk density, total nitrogen, total SOC, SOC stock, and clay contents. The rest of soil properties were 

predicted with low cross-validation metrics (R2<0.56) as shown in (Table 2). Overall, the range of 

R2 values observed in this study is comparable to other studies (Johnson et al., 2019; Soriano-disla 

et al., 2017; Terhoeven-urselmans et al., 2010; Viscarra Rossel et al., 2016). Despite soil samples 

being collected from different agricultural fields (soil types), PLSR models in our findings obtained 

good metrics which implies that PLSR models can accurately represent the variability across diverse 
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soil types (Shi et al., 2023). Nevertheless, Shi et al. (2023) identified soil organic matter (SOM) as 

the primary factor affecting spectral soil BD models and a good prediction in SOC can lead to better 

prediction in bulk density. A good model performance of clay content could be explained by the idea 

that these soil properties are labelled as first order predictions as it is directly visible by diffuse 

reflectance spectroscopy (Johnson et al., 2019).  

The observed cross-validation metrics in soil pHH2O 1:2.5 (R2 = 0.25, RMSE = 0.65) was the lowest 

model accuracy recorded in MIR - PLSR modelling. Our result is similar to the one documented by 

Terra et al. (2015) who recorded low prediction accuracy since pH is denoted as a second order 

prediction, but also different from (J. M. Johnson et al., 2019; Sila et al., 2017b; Terhoeven-

urselmans et al., 2010) who both reported a good R2 result on pH. Poor prediction in silt and sand 

contents could be related to the reason that texture is usually not constant over a certain agricultural 

field, and varies in space and with soil depths as documented by Augusto et al. (2020).  

3.3.4 Comparison of 10-fold cross-validation prediction statistics of various soil properties 

using PLSR, RF and XGBoost models from first derivative MIR spectra 

PLSR, RF and XGBoost prediction models were employed to estimate various soil properties on 

soil samples collected from Mbeya. Our results underlined a better prediction performance in PLSR 

models compared to RF and XGBoost models (Table 11) in all investigated soil properties except 

pH, silt and sand. A better performance of PLSR models over random forests (RF) and XGBoost in 

predicting soil properties like soil organic carbon (SOC), total nitrogen, bulk density (BD), and clay 

content is due to ability of PLSR to handle collinear and high-dimensional data, like spectral inputs 

from soil analysis (Thabit et al., 2024; Wold et al., 2001). PLSR concentrates on pertinent predictors 

and efficiently utilizing linear relationships. Nevertheless, PLSR lowers noise and dimensionality. 

On the other hand, RF and XGBoost perform well on more intricate, nonlinear patterns, but they 

could overfit datasets that are smaller or less varied. According to studies, the simplicity of PLSR 

frequently results in reliable, understandable forecasts for soil properties. Our findings are also in 

line with earlier research by J. Yang et al. (2023), which found that PLSR performs well on small to 

moderately sized datasets, whereas RF and XGBoost may struggle to generalize on these types of 

datasets due to their reliance on more complex decision-making and susceptibility to overfitting 

when there is insufficient data diversity.  
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Table 11: A 10-fold cross-validation results of MIR spectroscopy on PLSR, RF and XGBoost 

models 

Soil 

properties 
   PLSR 

RF XGBoost  

 Unit n R2 RMSE R2 RMSE R2 RMSE 

pH water 

(1:2.5) 
- 62 0.25 0.65 0.17 0.24 0.18 0.35 

Bulk density g/cm3 62 0.71 0.15 0.64 0.30 0.59 0.17 

Clay % 62 0.77 5.20 0.71 5.8 0.62 6.76 

Silt % 62 0.33 10.15 0.28 9.65 0.24 11.07 

Sand % 62 0.50 14.03 0.47 14.05 0.39 15.28 

Total N % 62 0.81 0.06 0.73 0.06 0.67 0.07 

Total SOC % 62 0.83 0.70 0.78 0.79 0.66 0.98 

SOC stock 
Mg 

C/Ha 
62 0.62 10.87 0.53 12.18 0.46 12.93 

SOC stock         

 

3.3.5 External validation model performance on PLSR, RF and XGBoost 

Some of external validation models provided average performance, this could be associated with 

small number of soil samples undertaken in this study for external validation. PLSR model provided 

a satisfactory result on Sand (R2 = 0.60, RMSE = 11.59) and Silt (R2 = 0.54, RMSE = 7.18). These 

findings imply that the PLSR model was able to create moderate correlations between spectral data 

and the components of soil texture (sand and silt), even with the limited sample size as previously 

reported by Nocita et al. (2014 and Stenberg et al. (2010). External validation models for bulk 

density, pH, clay, total nitrogen, total SOC and SOC stocks were all found to have poor performance 

(R2 ranging from 0.37 to 0.01). This scenario could be explained by the limited number of soil 

samples in the study, nevertheless, these small datasets frequently makes the models less 

representative, by failing to capture the diversity in soil characteristics including texture, mineralogy, 

and organic content (Barra et al., 2023). This in turn results in predictions that are skewed or 



44 
 

untrustworthy as reported by Viscarra Rossel et al., (2006) and McBratney et al., (2003). According 

to Grinand et al., (2008), making strong predictions regarding soil properties is hampered by small 

datasets, which frequently lead to weaker correlations and less accurate parameter estimates. 

4.3.6 Predictions of soil properties of agricultural soils by PLSR- MIR techniques. 

RF had a good validation models on bulk density (R2 = 0.79, RMSE = 0.10) and satisfactory 

validation model on clay contents (R2 = 0.64, RMSE = 4.66). Similar result were observed by 

(Wadouxx B. et al. (2021) indicating an excellent association of RF on different soil properties to 

reach an R2 of 0.77 for bulk density predictions. Other soil properties were, including SOC, total 

nitrogen and SOC stock showed a poor validation models. Wadouxx B et al. (2021) pointed out that 

while ensemble models such as RF work well for simpler soil characteristics, they have trouble 

capturing the intricacies and interconnections of SOC and TN. XGBoost had an average validation 

models on bulk density (R2 = 0.69, RMSE = 0.13) and clay contents (R2 = 0.65, RMSE = 5.04) while 

other soil properties in this study showed a poor result. According to (Padarian et al. (2020), 

XGBoost did well in predicting texture and bulk density, but because biological processes interact 

in a complicated way, its accuracy declined for SOC. Poor validation model recorded for total 

nitrogen and total SOC using XGBoost was also reported by Hengl et al. (2021) who pointed out 

that predicting SOC and TN necessitates integrating a variety of variables, such as climate, 

vegetation indices, and terrain models. External validation models discussed are all attached in the 

(supplementary materials). 

Based on the best prediction models (n = 141) dataset, a PCA of all soil samples was forecasted in 

order to evaluate the trends of the soil attributes in the chosen agricultural areas in the Southern part 

of Tanzania. The dataset's intricate structure is demonstrated by this PCA, which shows that the two 

main principle components explained 61% of the variation. The descriptive data of the anticipated 

soil samples from four distinct sites in the Southern part of Tanzania are summarized in (Table 12). 

Most soil parameters had a non-normal distribution characterized by positive skewness, with the 

exception of clay content, pH, silt and bulk density (Table 12). Similar case was documented by 

Viscarra Rossel et al. (2006) who reported minor enhancements in the predictions of clay, silt, and 

sand utilizing data from the integrated VIS–NIR–MIR spectra. Excluding soil pHwater, the majority 

of soil variables exhibited moderate to high variability (CV = 17-72%) ( 
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). Low CV observed in pH could be explained by fact that both soil samples collected from different 

agricultural sites where associated with almost similar fertilizer applications, cropping systems, 

management practices, irrigation methods and pesticide applications (Fageria & Baligar, 2008; 

Gikonyo et al., 2022; Lal, 2015). 

Table 12: Descriptive statistics of the predicted soil fertility for the whole set of samples (n =128) 

using PLSR on MIR spectra 

 

 Soil 

properties 

Soil 

depth 

(cm) 

Descriptive statistics 

n Mean 
Std 

Error 

Std 

Dev 
Kurtosis Skewness Range Min Max 

CV 

(%) 

pH  
0 - 20  67 6.12 0.03 0.28 0.53 0.08 1.63 5.30 6.93 4.53 

20 - 50 61 6.16 0.03 0.27 2.31 -0.03 1.78 5.30 7.08 4.42 

BD 

(g/cm3) 

0 - 20 67 1.08 0.02 0.20 -0.53 -0.59 0.83 0.65 1.48 18.23 

20 - 50 61 1.13 0.03 0.20 0.10 -0.95 0.81 0.67 1.48 17.77 

Clay (%)  
0 - 20 67 18.22 0.79 8.07 -0.85 -0.03 36.44 -0.58 35.86 44.27 

20 - 50 61 19.82 1.04 8.11 -0.88 -0.16 30.93 3.08 34.00 40.93 

Silt (%)  
0 - 20 67 39.61 0.67 6.85 -0.10 0.45 31.51 27.92 59.44 17.30 

20 - 50 61 39.78 0.97 7.59 -0.67 0.25 31.06 24.63 55.70 19.09 

Sand (%)  
0 - 20 67 40.39 1.27 13.04 -1.26 -0.18 49.68 11.98 61.66 32.29 

20 - 50 61 39.88 1.71 13.32 -1.18 0.03 50.13 14.26 64.39 33.41 

  Total 

[SOC ]% 

0 - 20 67 1.91 0.11 1.12 0.05 1.10 4.41 0.43 4.84 58.89 

20 - 50 61 1.55 0.14 1.12 1.02 1.49 4.20 0.38 4.58 72.43 

Total [N]%  
0 - 20 67 0.16 0.01 0.09 -0.44 0.91 0.33 0.04 0.37 55.48 

20 - 50 61 0.13 0.01 0.09 0.47 1.28 0.33 0.04 0.37 65.54 
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3.3.6 Applicability of the models 

PLSR typically produced the best forecasts compared to RF and XGBoost models and the range of 

expected soil parameters includes the values reported in different literatures for agricultural soils. 

The total SOC, SOC stock, total nitrogen, bulk density, clay, silt and sand contents in soil samples 

taken at 0 – 50 cm depth could be predicted using the models created here especially in agricultural 

sites. Various studies should be carried out for soils under various land uses (planted pastures, coffee, 

cocoa etc.), to predict more soil properties as the models created in this work only included soil 

samples which were mostly dominated by maize, onions and rice agricultural fields. The PLSR 

models developed in this work could be used to predict several soil fertilities in the agricultural fields 

because 10-fold cross-validation models resulted in more accurate predictions as stated previously 

by Guio Blanco et al. (2018). MIR spectroscopy exhibited great promise as a method for quickly 

evaluating such soil properties in addition to cutting down on the time and quantity of chemical 

waste produced by traditional laboratory analyses especially for large sample dataset, even though 

site variations in soil type may necessitate localized modelling in different agricultural sites with 

varying soil types. 

4.0 CONCLUSIONS AND RECOMMENDATIONS 

4.1 Conclusions 

The study offers an understanding of the agricultural environment of small-scale farmers in 

Tanzania. Above 70% of the surveyed population, demonstrated a lack of understanding regarding 

IAPs. Nevertheless, more than 80% of the surveyed population had no information regarding the 

specific soil type linked with their farmland. This highlights a crucial knowledge gap that has to be 

addressed by the government. The findings on demographic trends indicate that men, namely in the 

age range of 25-34, who have attained primary or secondary school, are more inclined to participate 

in agricultural activities. The implementation of management practices, such as the use of chemicals 

and the spraying of herbicides, differs among districts, indicating the impact of site factors. While 

extension service officers are acknowledged as a primary source of knowledge for smallholder 

farmers, the quality of service they deliver remains inadequate. This strongly underlines the need for 

the government to expand its programs in order to significantly enhance farmers' productivity. The 

probit regression analysis shows several significant predictors of IAPs adoption, such as marital 

status, farming period, flooding exposure, top dressing with inorganic fertilizer, fallowing time, soil 
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information, and soil type. Therefore, it is essential for government policies to take into account the 

aforementioned predictors in order to improve the productivity of small-scale farmers in the area 

under study. Our findings also revealed that female-headed households (59%) possess much more 

comprehensive soil information on IAPs, suggesting that women possess knowledge of enhanced 

farming practices to a greater extent than males. Based on our research, we have determined that 

smallholder farmers can successfully implement improved agricultural practices (IAPs) by taking 

into account both on-farm and off-farm factors. Our findings highlight the need for increased 

extension services specifically targeted towards the Kyela and Tukuyu areas, as farmers in these 

regions are not fully aware of the benefits of IAPs.  

Based on objective two, it was observed that soil type and soil depths have a significant influence 

on soil physico-chemical properties, especially SOC contents. Silt loam and loam were the 

predominant soil textures in the studied sites.  A strong positive correlations were observed between 

SOC and nitrogen concentrations, as well as a negative correlation between SOC with bulk density. 

The study also highlighted the influence of soil physical and chemical properties, such as clay 

content, sand, silt, and pH, on SOC distribution.  

Our work also demonstrated the potential of Mid Infrared Reflectance (MIR) spectroscopy on 

objective three to predict soil properties through PLSR, RF, XGBoost models. Moving average 

preprocessing techniques were utilized to produce precise predictions of the mentioned soil 

parameters. Although most of soil parameters used for modelling (reference soil data) were not 

normal distributed, they still showed a positive skewness. Both RF, PLSR and XGBoost models 

were able to predict selected soil properties, however PLSR models had an overall better 

performance in cross-validation and external validation metrics followed by RF and XGBoost in 

most of soil properties (bulk density, total SOC, total Nitrogen, clay contents). Despite of few soil 

samples collected, yet our result demonstrates a potential application of different modelling 

techniques on MIR spectra data to predict various soil properties in agricultural sites. Subsequent 

research will expand upon this study by integrating spatial environmental variables and 

incorporating additional soil samples into the modelling framework. 
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4.2 Recommendations 

 Although the study estimated the factors controlling awareness, linkage and adoption of 

smallholder farmers to IAPs, yet our study suggests that agricultural extension services, 

NGOs, and research institutions should collaboratively work together to improve the efficient 

spread of information, increase awareness, and promote the use of advanced agricultural 

methods to improve the livelihoods of smallholder farmers in Tanzania. This can be achieved 

by focusing on education, policy assistance, and specific interventions that address the 

unique needs of farming communities.  

 Despite many policies performed by the government to help smallholder farmers gain access 

to IAPs, our research findings highlighted extension services as the key information provider 

to farmers. Nevertheless, the study emphasizes the necessity of implementing specific 

policies to encourage the adoption of enhanced agricultural practices (IAPs). Policymakers 

in the Southern part of Tanzania should prioritize implementing strategies to improve access 

to agricultural extension services, specifically in regards to the dissemination of information 

regarding soil conditions.  

 Our study demonstrates that SOC contents are dependent on soil type. This work suggests 

understanding site-specific variations in SOC distribution is crucial to increase SOC contents 

and stocks in a particular agricultural site in the selected sites. This could be implemented by 

adoption of sustainable agricultural practices including organic matter management and crop 

selection is encouraged to improve soil organic carbon in the region. Our study underpins 

soil type as the core determinant of SOC in the studied sites, yet more research work should 

focus to investigate the influence of other factors including climate, crop type, depth, altitude, 

agricultural practices, management practices, forming factors and forming processes. 

 Although this work provided a better prediction of SOC and other selected soil properties 

based on small sample size by PLSR and RF methods. The study suggests a subsequent 

modelling should expand upon this finding by involving large number of soil samples and 

integrating spatial environmental variables into the chemometric modelling framework.  

 Our research work documented the social factors controlling farmer’s adoption to IAPs and 

on the other hand the key factor that determines the level of distribution of SOC contents in 

the selected agricultural sites. Further research could improve our study by modelling social 
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factors with more soil parameters including biological parameters and identifying the major 

combination associated with high and/or low SOC contents.  

 

  

 

 

5. NEW SCIENTIFIC RESULTS 

1. This study confirmed that, in cases involving a limited number of samples, Partial Least 

Squares Regression (PLSR) can outperform more complex machine learning models in 

predicting soil properties. Contrary to the prevailing trend, where algorithms such as Random 

Forest (RF) and Extreme Gradient Boosting (XGBoost) typically demonstrate superior 

performance in mid-infrared (MIR) spectroscopy-based predictions of soil organic carbon 

(SOC), nitrogen, and soil texture, PLSR delivered more robust and reliable models in this 

context. 

 

2. A complementary socio-economic survey conducted among smallholder farmers in the 

Southern part of Tanzania identified several factors that significantly influence the adoption 

of Improved Agricultural Practices (IAPs). Key determinants included farming experience, 

frequency of flooding, use of inorganic fertilizers for top dressing, fallowing duration, access 

to soil information, self-reported awareness of soil type, and, unexpectedly, marital status. 

Despite the potential benefits of IAPs, the survey revealed that only 25% of farmers were 

aware of these practices, and approximately 65% reported having no interaction with 

agricultural extension officers. These findings suggest that social and informational barriers 

are major constraints to the diffusion of sustainable farming practices in the region. These 

relationships were revealed through the application of a Linear Mixed Effects Model 

(LMEM), a statistical modelling technique. 

 

3. This study established a regional spectral library for the Southern part of Tanzania, along 

with the development of a comprehensive framework linking soil information, extension 

services, and farmer adoption for improved yields. 

 

4. This study was the first to apply the Vario MAX Cube CNS elemental analyzer and a laser-

diffraction particle size analyzer in the Southern part of Tanzania for agricultural soil 

analysis. The successful application of these technologies establishes and proposes new 

standard methods for SOC analysis via combustion and for soil texture determination using 

laser diffraction in agricultural soil studies. 
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