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The recent surge of information and communication 
technologies (ICTs) has changed nearly every business, 
including horticulture. Farmers can use climate infor-
mation and ICT-based agro-advisory services to help 
them make seasonal decisions, technology choices and 
marketing strategies. Such drastic changes are upend-
ing traditional horticultural practices, and introducing 
a plethora of new opportunities and challenges. This 
study aimed to identify the factors influencing farmers’ 
intention to use an e-learning module. The study included 
137 respondents from two districts in Arunachal Pra-
desh, North East India. The technology acceptance model 
was used as a basis for the study. Dijkstra–Henseler’s 
rho, Jöreskog’s rho, Cronbach’s alpha, average variance 
extracted and Heterotrait–Monotrait ratio of correla-
tions were used to assess the reliability and validity of 
scale. ADANCO software was used to perform PLS–SEM, 
which showed that facilitating conditions and subjective 
norms had a significant positive effect on the intention 
to use an e-learning module. The proposed model had 
a good fit. 
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CLIMATE change is one of the biggest challenges to agricul-
tural production systems. Agriculture is among the foremost 
sectors contributing to the global emission of greenhouse 
gases (GHGs) through fossil fuels, renewable energy, machi-
nery and agrochemicals that eventually undermine the con-
ventional age-old production systems. Hence the emerging 
prerequisite is a climate–smart approach to sustainable 
food production1. The global agricultural situation is dyna-
mic and to keep pace with it, innovative ideas are needed in 
the Indian agricultural sector in real time. Enhancing agro-
horticultural production and productivity using a climate–
smart approach requires continuous investment in developing 
human capital in agriculture and horticulture through for-
mal and informal learning and education. Human resource 
development is critical at the farm level, in the public 
agencies that support agriculture and horticulture, and in 
the private sector actors that drive agricultural and horti-
cultural value chains. Shifting to radical crop-growing 

procedures from the normal methods of cultivation is the 
need of the hour. E-learning has resulted in improved 
learning effects than face-to-face conversation. Farmers 
could benefit from using well-designed and appropriately 
implemented e-learning and it was also recommended that 
learning could be improved by offering hands-on experi-
ence and laboratory activities2. India, having various lan-
guages and enunciation, extension employees face issues 
in communication with individuals, particularly rural folk, 
where national vernacular and scientific jargon are of insig-
nificant impact. E-learning could be useful to overcome 
the geographical, physical, psychological and gender bar-
riers of learners. 
 Training courses and farmer-to-farmer interactions are 
critical for adopting climate–smart agriculture; thus, fos-
tering a long-term extension system is vital3,4. To facilitate 
effective learning, numerous organizations and institutions 
are increasingly incorporating technology in their approach. 
For them, one of the benefits of embracing e-learning is 
the potential for a significant pay-off. Additionally, although 
existing techniques could only cover a limited minority of 
participants annually, e-learning could reach thousands of 
individuals worldwide, making it a long-term, cost-effective 
alternative. E-learning also enables the integration of a 
wide range of educational approaches, the blending of indi-
vidual and collaborative learning, and the customization of 
learning paths based on the needs of the participants5. The 
extension system also deals with a myriad of other delivera-
bles, which dilutes the extension priorities6. Information 
and communication technology (ICT) has the potency to 
equip learners in a fast-evolving environment. It can be 
used to quantify, transmit and deliver information as requi-
red. ICT helps strengthen, optimize and facilitate infor-
mation flows in multiple networks7. Tribal farmers have 
embraced smartphones, television sets, radios, Kisan call 
centres, information kiosks, the web, and knowledge-based 
systems to obtain relevant information8. 

Theoretical framework and hypotheses  
development 

Technology acceptance model 

Davis9 introduced the technology acceptance model (TAM), 
which has gained widespread recognition as a prominent 
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Figure 1. Research model. 
 
 
and consistent model in the realm of explaining technology 
adoption behaviour across various studies. TAM serves as 
a framework for examining the impact of external factors 
on user attitude, belief and intention. Within TAM, two 
cognitive beliefs, namely perceived usefulness and percei-
ved ease of use, are in place to explore these aspects. The 
foundation of TAM rests on the principle that end-users 
are unlikely to adopt a system or application unless they 
have confidence in its effectiveness. The present study 
builds upon this premise by utilizing TAM as its funda-
mental framework. Figure 1 depicts the proposed theoreti-
cal model consisting of seven constructs: self-efficacy 
(SE), perceived ease of use (PEU), perceived usefulness 
(PU), attitude towards e-learning (ATT), facilitating con-
dition (FC), subjective norm (SN) and intention to use 
(INT). This discourse posed a research question on what 
the concrete factors influencing the intention to use e-
learning modules by tribal farmers of Arunachal Pradesh, 
North East India, are on climate–smart horticulture. There-
fore, the specific objective of the study was to evaluate the 
factors responsible for influencing the tribal farmers to 
use e-learning modules with the following hypotheses 
with respect to the constructs of the study. 

Self-efficacy 

This refers to an individual’s evaluation of his/her ability 
to effectively plan and execute the necessary actions in 
order to attain the desired goals. It focuses on the individ-
ual’s perception of his/her potential achievements based 
on his/her existing abilities rather than solely relying on 

his/her inherent capabilities10. The concept of self-efficacy 
in this study pertains to an individual confidence in his/her 
ability to successfully engage with and learn from an e-
learning module, leading to improved learning outcomes. 
As a result, the following hypothesis is proposed. 
 H1: Self-efficacy has a significant positive influence on 
attitude towards e-learning. 

Perceived ease of use 

This refers to the extent to which users believe a particular 
system would be straightforward to operate and navigate11. 
It is considered the primary factor influencing the adoption 
and acceptance of technology12. Hence, it stands to reason 
that perceived ease of use plays a crucial role in determin-
ing the adoption of technology. The perceived ease of use 
of the e-learning module among farmers is defined as their 
capability to utilize it independently. Previous studies 
have consistently demonstrated a strong positive relation-
ship between perceived ease of use and intention to use13–19. 
Additionally, some studies have found that perceived ease 
of use significantly influences an individual’s attitude to-
wards e-learning20,21. Consequently, the present study postu-
lated that there would be a positive relationship between 
perceived ease of use with intention to use and attitude  
towards e-learning. 
 H2: Perceived ease of use has a significant positive  
influence on intention to use. 
 H3: Perceived ease of use has a significant positive  
influence on attitude towards e-learning. 
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Perceived usefulness 

This refers to an individual’s perception of how utilizing a 
specific system would enhance his/her performance or effec-
tiveness22. The conceptualization of the perceived useful-
ness of an e-learning module among farmers revolves 
around the idea that their utilization of the module leads to 
an enriched acquisition of knowledge. Previous studies 
have consistently reported that perceived usefulness exerts 
a significant positive impact on attitude towards e-learn-
ing15,20,21,23–28. Furthermore, empirical evidence has demon-
strated a significant positive influence of perceived ease 
of use on behavioural intention to use, as indicated by the 
study of Humida et al.13. This study included perceived 
usefulness as a predictor in the theoretical model. There-
fore, the following hypotheses are suggested. 
 H4: Perceived usefulness has a significant positive influ-
ence on attitude towards e-learning.  
 H5: Perceived usefulness has a significant positive influ-
ence on behavioural intention to use. 

Attitude towards use of e-learning 

Attitude is a set of emotions, beliefs and behaviours toward a 
particular object, person, thing or event29. Attitudes were 
often the result of experience or upbringing, and they could 
have a commanding influence over behaviour. It is asserted 
that a favourable attitude towards an e-learning module 
can be cultivated when users perceive it as both useful and 
user-friendly. Based on multiple studies, it has been establi-
shed that attitude exerts a significant positive influence on 
the intention to use15,20,21,24,26,27,30. This finding gives rise 
to the following hypothesis. 
 H6: Attitude towards e-learning has a significant posi-
tive influence on intention to use. 

Subjective norms 

Subjective norms, as defined by Ajzen31, refer to an indi-
vidual’s perception of the influence of peer pressure on 
whether to engage or refrain from a particular behaviour. 
In this context, it refers to the degree to which a farmer 
perceives pressure from individuals in his/her environment 
to adopt an e-learning module. Previous studies have con-
sistently found a significant positive relationship between 
subjective norm and intention to use28,32–35. Based on these 
findings, the following hypothesis has been put forth. 
 H7: Subjective norm has a significant positive influence 
on behavioural intention to use. 

Facilitating condition 

The availability of assistance in the workplace that fosters 
and aids technology uptake is referred to as the facilitating 

condition36. It refers to the level of assistance offered to 
farmers by their peers or, by extension, functionaries from 
line departments, aiding them in comprehending the imple-
mentation and usage of the e-learning module. Jairak et 
al.37 reported that the facilitating condition has a signifi-
cant positive impact on the behavioural intention to use. 
Studies have shown facilitating conditions positively influ-
ence attitudes towards e-learning38,39. Under this construct, 
we tested the following hypotheses. 
 H8: Facilitating conditions positively influence behav-
ioural intention to use. 
 H9: Facilitating conditions positively influences attitude 
towards e-learning. 

Intention to use e-learning module 

This refers to the mental portrayal of an individual’s pre-
paredness to engage in the specific behaviour of utilizing 
an e-learning module for his/her daily farming activities. 
Ajzen31 argues that behavioural intention reflects how 
much effort a person is willing to devote to performing a 
particular behaviour. 

Material and methods 

Horticulture in Arunachal Pradesh is promising, with a 
production of 193 thousand metric tonnes (MT) and an area 
of 66.06 thousand ha. It has a huge potential to resurrect 
the livelihood of horticulture farmers, especially for high-
value horticultural crops. With a total production of 7.34 
thousand tonnes and a share of 0.03%, Arunachal Pradesh 
is the first among the NE states and occupies the fourth 
spot domestically in terms of apple production. It is also 
the largest producer of kiwi with a total production of 7.43 
thousand tonnes and a percentage share of 44.71 (ref. 40). 
The present study focused on two specific districts, namely 
Lower Subansiri and West Kameng in Arunachal Pradesh. 
Within each district, two Community and Rural Develop-
ment (C&RD) blocks were chosen: Dirang and Kalaktang 
in West Kameng and Ziro-I and Ziro-II in Lower Subansiri. 
The study selected specific villages within these blocks for 
data collection: Rungkhung and Zimthung from Dirang; Rupa 
and Shergaon from Kalaktang; Hari and Siro from Ziro-I 
and Deed and Yachuli from Ziro-II. A total of 137 horti-
cultural farmers, including apple and kiwi growers, partici-
pated in this study. 
 The study employed a partial least squares structural 
equation modelling (PLS–SEM) approach to developing a 
research model that represents the relationship among the 
seven variables: attitude towards the use of e-learning, per-
ceived usefulness, perceived ease of use, self-efficacy, 
subjective norm, facilitating condition and intention to 
use. Data were collected through a survey questionnaire to 
elicit demographic information and participants’ responses 
to multiple items measuring each construct reflected in the 
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research model (Figure 1). Informed consent from the parti-
cipants was obtained for all cases, and all ethical require-
ments were fulfilled. 

Results and discussion 

Table 1 shows the demographic profile of respondents in 
this study. A high percentage of respondents were in the 
middle-age category (45.98). Most of the respondents had 
completed high school (38.68%). Medium land ownership  
was reported by a high percentage of respondents (41.60). 
Half of the respondents (50.36%) had a medium annual 
income. More than half of the respondents (52.55%) had 
medium exposure to the mass media. A medium level of 
cosmopoliteness was reported by more than half the res-
pondents (54.74%). 
 The recommended criteria for assessing the goodness of 
model fit were unweighted least squares discrepancy (dULS), 
geodesic discrepancy (dG), and standardized root mean  
square residual (SRMR)41. The discrepancy between both 
the empirical correlation matrix and the model implied 
that the matrix is quantified with all these criteria. Lower 
value of SRMR, dG and dULS indicates a better model fit. 
The calculated value for each criterion must be lower than 
the value reported at the 99th percentile (HI99) or, even  
 
 

Table 1. Demographic profile of the respondents 

Characteristics Category n = 137 Percentage 
 

Age (years) Young (<35) 23 16.79 
 Middle (35–50) 63 45.98 
 Old (>50) 51 37.23 
Education Primary 23 16.79 
 High school 53 38.68 
 Higher secondary 39 28.47 
 Graduate 22 16.06 
Agricultural land  Marginal (<1) 18 13.14 
 holding (ha) Small (1–2) 9 6.57 
 Semi-medium (2–4) 46 33.58 
 Medium (4–10) 57 41.60 
 Large (>10) 7 5.11 
Annual income  Low (<33,750) 35 25.55 
 (Rs) Medium (33,750–144,000) 69 50.36 
 High (>144,000) 33 24.09 
Mass media  Low 34 24.82 
 exposure Medium 72 52.55 
 High 31 22.63 
Cosmopoliteness Low 27 19.71 
 Medium 75 54.74 
 High 35 25.55 

 
 

Table 2. Goodness of fit and bootstrap 

 
Criteria 

Standard  
model 

 
HI95 

 
HI99 

Estimated  
model 

 
HI95 

 
HI99 

 

SRMR 0.08 0.07 0.10 0.08 0.07 0.10 
dULS 5.85 4.66 8.90 6.00 4.86 9.22 
dG 2.37 2.57 2.96 2.37 2.58 3.07 

preferable, lower than the value given at the 95th percen-
tile (HI95). The observed values for all three criteria were 
dULS (5.85 and 6.00), dG (2.37 and 2.37) and SRMR (0.08 
and 0.08) for both the saturated and estimated models, as 
shown in Table 2, and were found to be within the specified 
critical limit41,42. Thus, the proposed model had a good fit. 

Reliability and validity 

As indicated in Table 3, the construct measurement reveals 
fair reliability and convergent validity. The Dijkstra–
Henseler rho (ρA) is a measure of the reliability of con-
struct scores for a reflective measurement model. At present, 
ρA is the only valid evaluation of the reliability of construct 
scores generated using PLS path modelling. In all cases, 
ρA surpasses 0.70, indicating that the construct scores have 
a considerably greater internal consistency reliability. The 
composite reliability is an estimation of the consistency of 
total scores for a reflective measurement model, also known 
as Jöreskog’s rho (ρ); it was determined to be considerably 
greater than the recommended limit of 0.60. In relation to 
a reflective measurement paradigm, Cronbach’s alpha 
provides a lower-limit estimate of the reliability of total 
scores. However, attitude towards e-learning shows a slightly 
inadequate result as illustrated by Cronbach’s alpha (0.68); 
however, it was considered acceptable43. The average  
extracted variance (AVE) is equal to the average indicator 
reliability, which ranges from zero to one. The AVE is fre-
quently used as a measurement of unidimensionality. If 
the AVE of reflective constructions is more than 0.5, then the 
unidimensionality is adequate. Except for ATT (0.42), the 
AVE values of all the other constructs meet the required 
criterion of 0.50 (ref. 44). 
 
 

Table 3. Reliability and convergent validity 

 
 
Construct 

Dijkstra– 
Henseler’s  

rho (ρA) 

 
Jöreskog’s  

rho (ρc) 

 
Cronbach’s 
alpha (α) 

Average  
variance  
extracted 

 

INT 0.88 0.91 0.87 0.66 
ATT 0.74 0.78 0.68 0.42 
SN 0.94 0.95 0.94 0.75 
FC 0.90 0.91 0.89 0.57 
PEU 0.93 0.94 0.92 0.69 
PU 0.96 0.95 0.93 0.72 
SE 0.82 0.83 0.75 0.56 

 
 

Table 4. Heterotrait–monotrait ratio of correlations 

Construct INT ATT SN FC PEU PU SE 
 

INT        
ATT 0.21       
SN 0.54 0.26      
FC 0.82 0.13 0.54     
PEU 0.44 0.31 0.35 0.40    
PU 0.09 0.06 0.24 0.09 0.38   
SE 0.30 0.20 0.27 0.18 0.43 0.22  



RESEARCH ARTICLES 
 

CURRENT SCIENCE, VOL. 126, NO. 4, 25 FEBRUARY 2024 482 

 
 

Figure 2. Empirical model. 
 
 
Heterotrait–monotrait ratio of correlations 

Henseler et al.45 proposed the heterotrait–monotrait (HTMT) 
ratio of correlations as a correlation estimator for two latent 
variables based on the multitrait–multimethod (MTMM)  
matrix, which compares correlations in establishing dis-
criminant validity46. The maximum HTMT in this study 
was 0.82, well below the strictest criterion of 0.85 (ref. 41), 
confirming that the measurement was discriminately valid 
(Table 4). 

Structural equation modelling 

PLS–SEM entails the development of a path model that 
connects factors and constructs in accordance with logic 
and hypotheses47. When developing a route model, as illus-
trated in Figure 1, it is also crucial to distinguish between 
the positions of the constructs and their interactions. Ex-
ogenous and endogenous constructs are the two types of 
constructs. Exogenous constructs act as independent vari-
ables without an arrow pointing towards them, but endog-
enous constructs are explained by other constructions. 
According to Figure 2, INT is impacted by FC, SN, PEU, 
PU and ATT, with a total R2 of 0.58, indicating 58% accu-
racy in INT. The item statements in the scales SE, ATT, 
PEU, FC, PU, SN and INT have factor loadings of ‘0.64–
0.84’, ‘0.51–0.79’, ‘0.73–0.89’, ‘0.56–0.84’, ‘0.67–0.94’, 

‘0.76–0.91’ and ‘0.75–0.87’ (Figure 2) and are found to 
be within the given range confirming the constructs to be 
internally valid48. 

Hypotheses testing 

Table 5 shows the results of the hypotheses testing all t-
values greater than 1.96 to be significant at the 0.05 level. 
The significance of the hypotheses H3, H7 and H8 is esta-
blished. ATT is predicted by PEU (β = 0.24, P = 0.02). 
This indicates that farmers understand how to operate an 
e-learning module and consider that their interactions with 
the module would be simple and effective. The results 
corroborate with the findings of other researchers49–53. SN 
is found to have a positive influence on INT (β = 0.13, 
P = 0.05). This indicates that family and friend recom-
mendations significantly impact the farmers. In instances 
when innovative methods of learning using asynchronous 
e-learning modules are desired, subjective norms have a 
significant impact on behavioural intention to use e-learn-
ing modules. Similar results have been reported by other 
studies54–56. Likewise, FC is found to positively influence 
INT (β = 0.62, P = 0.00). Young and middle-aged respon-
dents are found to be ICT-savvy, and this group promotes 
and disseminates the value of e-learning applications in 
climate-smart horticulture (CSH). The advancement of 
smartphone applications in agriculture and allied activities, 
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Table 5. Hypotheses testing results 

Hypothesis Path Beta SE t-value P-value Decision f 2 Effect size 
 

H1 SE → ATT 0.12 0.11 1.12 0.26 Rejected 0.02 WE 
H2 PEU → INT 0.13 0.07 1.95 0.05 Rejected 0.03 WE 
H3 PEU → ATT 0.24 0.11 2.10 0.02 Accepted 0.04 WE 
H4 PU → INT 0.04 0.06 0.75 0.45 Rejected 0.00 UE 
H5 PU → ATT 0.03 0.10 0.28 0.78 Rejected 0.00 UE 
H6 ATT → INT 0.03 0.06 0.48 0.63 Rejected 0.00 UE 
H7 SN → INT 0.13 0.07 1.99 0.05 Accepted 0.03 WE 
H8 FC → INT 0.62 0.07 8.49 0.00 Accepted 0.64 SE 
H9 FC → ATT 0.04 0.12 0.37 0.71 Rejected 0.00 UE 

SE, Strong effect; WE, Weak effect and UE, Unsubstantial effect. 
 
 

Table 6. Change in knowledge level after  
 application of the e-learning module 

Mean   
 

Before After Z-value Hedge’s g 
 

11.84 15.36 7.35* 0.89 

*Level of significance @ P < 0.05. 
 
 

like agro-advisory services rendered by research institu-
tions and state departments, improves respondents’ inten-
tion to use the e-learning module. Participants mentioned 
the potential of using an e-learning module in a self-paced 
learning environment as ‘very user-friendly’, which strength-
ened their willingness to augment the module. Similar results 
have been reported by Humida et al.13 and Ambarwati et 
al.57. The most important factors for intention to use an e-
learning module are FC (β = 0.62), SN (β = 0.13), PEU 
(β = 0.13), PU (β = 0.04) and ATT (β = 0.03) (Table 5). 
As asynchronous learning offers greater flexibility in terms 
of scheduling, farmers are able to engage in conversations 
and take lessons according to their convenience. They could 
also review the content as frequently as desired, which 
could enhance their cognitive abilities. The need to finish 
the current lesson before going on to the next substantially 
improved knowledge and understanding, which eventually 
enhanced strategic thinking abilities and ultimately kept 
the farmers engaged. 
 The effect sizes corresponding to f 2 values falling below 
0.02, ranging from 0.02 to less than 0.15, from 0.15 to less 
than 0.35, and exceeding 0.35 can be characterized as  
unsubstantial, weak, moderate and strong respectively58. 
Table 5 shows that FC (0.64) has a strong effect size com-
pared to the weak effect sizes of PEU and SN, and the  
unsubstantial effect of ATT on the intention to use an e-
learning module. 
 In order to determine the extent of the application of e-
learning by the respondents through the application of the 
e-learning module, the effect size about ‘before’ and ‘after’ 
the application of the module was examined using Hedge’s g 
(Table 6). With Hedge’s g value of 0.89, it was reported 
that there was a large effect of the application of the e-
learning module59. This confirms the practical applicabi-
lity and utility of the e-learning module. 

Conclusion 

The most important factors for using an e-learning module 
are facilitating conditions followed by subjective norms, 
perceived ease of use, perceived usefulness and attitude 
towards e-learning. Three of the nine hypotheses proposed 
in this study are supported by data. Facilitating condition, 
subjective norm, perceived ease of use, perceived useful-
ness and attitude towards earning could jointly predict 
58% accuracy in intention to use an e-learning module. 
Participants described using an e-learning module in self-
paced learning as very user-friendly, which enhanced their 
intention to use it. In order to ensure long-term utilization 
of e-learning modules for their benefit, farmers must cul-
tivate a positive attitude towards them. The farmers’ atti-
tudes were significantly influenced by their perceived ease 
of using e-learning modules, while the perceived useful-
ness did not significantly affect them. Therefore, guarantee-
ing the quality of the e-learning system becomes imperative 
for fostering sustained adoption. It is highly desirable for 
line departments to conduct effective training sessions and 
awareness campaigns to educate farmers about the digital-
ization of agricultural extension. Policymakers should fo-
cus on integrating e-learning with traditional extension 
systems since it can have a big impact. The recent COVID-
19 pandemic is such an obvious illustration of how regular 
extension activities can be impacted. Therefore, using an 
e-learning module can be beneficial in reducing the work-
load of extension personnel. 
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