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This study assessed the knowledge of faculty researchers in a State University in Region 
3 regarding data and statistical analysis. It aimed to determine their level of knowledge, 
identify challenges encountered, and propose strategies for improvement. A descriptive-
evaluative research design was used, with 214 faculty researchers selected through 
random sampling from a population of 480 based on HRMO records as of February 2022. 
Findings showed that faculty researchers possessed a reasonable level of knowledge, 
particularly in descriptive statistics and data presentation. However, additional training 
in advanced statistical tools and techniques was recommended to strengthen their 
research capabilities. Results also indicated that most faculty members had not taught 
subjects related to data and statistical analysis, suggesting a gap in instructional and 
practical expertise. Thus, capacity-building initiatives such as training and professional 
development were recommended to improve research quality and productivity. No 
significant differences in knowledge were found across demographic factors such as sex, 
age, civil status, years in teaching, campus, and college. However, a significant difference 
emerged in knowledge of statistical tools across fields of specialization, with math and 
engineering faculty showing higher proficiency. Challenges encountered included limited 
expertise, insufficient training opportunities, lack of access to statistical software, time 
constraints, and the complexity of data. To address these issues, the study recommended 
organizing extensive and consistent seminars, webinars, training sessions, and 
workshops focusing on data and statistical analysis using appropriate software. These 
initiatives would enhance competence and enable researchers to utilize statistical tools 
effectively, supporting informed decision-making and accurate interpretation. 
 

Contribution/ Originality: This study provides a comprehensive understanding of the statistical literacy of 

NEUST faculty researchers by identifying their knowledge gaps and training needs. The results serve as a foundation 

for designing targeted capacity-building programs that enhance research competence, promote evidence-based 

academic practices, and improve research productivity across state universities in Region III. 

 

1. INTRODUCTION 

Research capacity among faculty is central to the mission and reputation of higher education institutions. 

Competent design, analysis, and interpretation of data enable faculty to produce valid, reliable findings that inform 

teaching, program improvement, and institutional decision-making. Inadequate skills with data processing and 

statistical methods undermine research quality, limit evidence-based practice, and reduce the likelihood that research 
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outputs will influence policy or practice. In the context of State Universities and Colleges in Region III, strengthening 

faculty research capacity is particularly important to support regional development priorities and improve 

institutional research productivity. Yet anecdotal reports and practitioner observations suggest that gaps remain in 

faculty proficiency with advanced statistical techniques, access to analytic resources, and sustained opportunities for 

skills development. This study responds to that context by assessing the current level of knowledge of faculty 

researchers at NEUST in data and statistical analysis, identifying the main challenges they face, and proposing 

actionable strategies to build capacity. The research fills a local evidence gap by providing institution-specific data 

on statistical literacy and training needs, and its findings will inform targeted capacity-building programs to elevate 

research quality and data-driven decision-making across State Universities in Region III. 

 

2. REVIEW OF RELATED LITERATURE 

A comprehensive understanding of data and statistical analysis is fundamental to the credibility and quality of 

research produced in higher education institutions. Faculty researchers play a vital role in advancing institutional 

research productivity; thus, their competence in handling data and applying appropriate statistical methods is crucial. 

This section reviews relevant literature on faculty research capacity, statistical literacy, and the common challenges 

encountered in conducting data analysis. It also examines institutional and contextual factors influencing faculty 

proficiency and underscores the importance of continuous professional development. The review provides the 

conceptual foundation for assessing faculty researchers’ knowledge in data and statistical analysis within State 

Universities and Colleges (SUCs) in Region III, Philippines. 

 

2.1. Faculty Research Capacity and Institutional Expectations 

Research engagement by faculty is widely recognized as essential to the mission of higher education and to 

institutional development. Authors have argued that higher education commissions and university governance expect 

faculty to produce rigorous, credible research that contributes to academic and societal knowledge. These 

expectations place a premium on faculty competence in research methods and data analysis, which institutions must 

support through policy, incentives, and capacity-building initiatives [1, 2]. 

 

2.2. Role of Data Analysis and Statistical Competence in Research Quality 

Data analysis and appropriate statistical application are foundational to valid and reliable research outcomes. 

Reviews emphasize that researchers must understand both basic descriptive techniques and more advanced inferential 

methods to draw correct conclusions, assess effect sizes, and test hypotheses. Without these competencies, studies 

risk errors in interpretation that compromise the credibility and usefulness of findings [3, 4]. 

 

2.3. Evidence of Gaps in Faculty Statistical Literacy: International and Local Findings 

Empirical studies highlight persistent gaps in statistical knowledge among faculty across contexts. 

Internationally, research has documented limited exposure to advanced methods and insufficient training 

opportunities, which negatively affect research outputs [5, 6]. Locally, a Philippine study found that some faculty 

members lack the necessary knowledge in data and statistical analysis, with measurable impacts on research quality 

underscoring that these gaps are not confined to any single region or system [7]. 

 

2.4. Consequences of Limited Training, Resources, and Access to Software 

Scholars have identified several structural and practical barriers that impede faculty competence: limited 

professional development, restricted access to licensed statistical software, heavy workload and time constraints, and 

complex data preparation demands. These constraints reduce faculty capacity to adopt advanced techniques and to 

engage in sustained, high-quality research [8, 9]. 
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2.5. Calls for Targeted Capacity-Building and Institutional Support 

The literature converges on targeted solutions: systematic capacity-building programs (workshops, seminars, 

and hands-on training), institutional investment in analytic resources and software, and the development of 

mechanisms for consulting and peer support. Researchers stress that interventions should be context-sensitive, 

continuous, and designed to bridge both foundational and advanced competency gaps [10, 11]. 

 

2.6. Summary and Link to Present Study 

Taken together, these studies show that (a) statistical literacy is essential for credible research; (b) gaps in 

faculty competence persist across contexts, including the Philippines; and (c) practical barriers (training, software 

access, time) frequently constrain improvement. While prior research identifies general patterns and solutions, there 

is limited institution-specific evidence for State Universities in Region III. The present study addresses this gap by 

providing empirical data on NEUST faculty researchers’ knowledge, the obstacles they face, and tailored 

recommendations for capacity development within the regional SUC context [12]. 

 

2.7. Research Objectives 

The main objective of this study is to assess the level of knowledge of faculty researchers at NEUST and to 

identify the challenges and difficulties they encounter in data and statistical analysis. It also aims to propose 

intervention strategies and policy recommendations to enhance their understanding of data and statistical analysis. 

Specifically, this research seeks to answer the following objectives: 

1. To describe the demographic profile of the faculty researchers in terms of: 

1.1 Sex. 

1.2 Age. 

1.3 Civil Status. 

1.4 Number of years in teaching. 

1.5 Campus and College. 

1.6 Field of specialization. 

1.7 Subject taught related to data and statistical analysis. 

2. To assess the level of knowledge on data and statistical analysis of the faculty researchers in terms of: 

2.1 Use and Application of Statistical Tools. 

2.2 Data Presentation and Interpretation. 

3. To determine the significant difference in the level of knowledge of data and statistical analysis among 

faculty researchers based on their demographic profile. 

4. To identify the challenges and difficulties encountered in conducting data and statistical analysis. 

5. To propose intervening strategies and policy recommendations to cope with the challenges and difficulties. 

 

3. METHODOLOGY 

This study employed a descriptive-evaluative research design with quantitative analysis to assess the level of 

knowledge of faculty researchers regarding data and statistical analysis, identify the challenges they encountered, and 

propose strategies for improvement. The data were collected from faculty researchers of the Nueva Ecija University 

of Science and Technology (NEUST), a State University and College (SUC) located in Region III, Philippines. 

NEUST operates multiple campuses, including the Main Campus in Cabanatuan City, Sumacab, Gabaldon, San Isidro, 

Atate, and Fort Magsaysay, which host various colleges such as the College of Education, College of Engineering, 

College of Management and Business Technology, College of Arts and Sciences, and the Graduate School. 

The total population of faculty researchers was 480, based on the records of the Human Resource Management 

Office (HRMO) as of February 2022. Faculty researchers were defined as full-time or part-time academic personnel 



Journal of Asian Scientific Research, 2026, 16(1): 373-389 

 

 
376 

© 2026 AESS Publications. All Rights Reserved. 

actively engaged in research activities, such as research proposals, completed studies, or ongoing projects. Using the 

Raosoft online sample size calculator with a 5% margin of error, a sample of 214 respondents was randomly selected 

to ensure representation across academic ranks, fields of specialization, years of teaching, and campuses. 

The primary research instrument was a researcher-made survey questionnaire titled “Survey Questionnaire for 

Faculty Researchers: Understanding of Data and Statistical Analysis.” The questionnaire was divided into three parts. 

Part I collected demographic information, including sex, age, civil status, years of teaching, campus, college, field of 

specialization, and subjects taught related to data and statistical analysis. Part II assessed the respondents’ knowledge 

of statistical tools, data presentation, and interpretation using a four-point scale, ranging from Very Knowledgeable 

(VK) to No Knowledge at All (NK). Part III consisted of open-ended questions to explore challenges and difficulties 

in performing data and statistical analysis, as well as to elicit proposed strategies and policy recommendations. 

To ensure the validity and reliability of the instrument, it underwent content and face validation by five research 

experts, field testing with non-sample faculty researchers, and internal consistency testing using Cronbach’s alpha, 

with a coefficient of 0.50 required for validity and 0.70 for reliability. Ethical clearance was secured through 

permission from the Vice President for Academic Affairs (VPAA), and consent was obtained from all participants 

prior to data collection. The questionnaire was distributed via Google Forms, and responses were collected, screened, 

and cleaned for analysis. 

Data analysis employed multiple statistical and qualitative techniques. Descriptive statistics, including frequency 

counts and percentages, were used to present the demographic profile of respondents. Mean scores with verbal 

interpretation assessed the level of knowledge in data and statistical analysis. ANOVA was applied to determine 

significant differences in knowledge based on demographic variables, while thematic analysis identified the challenges 

and difficulties encountered. Proposed intervening strategies and policy recommendations were synthesized through 

textual discussion, supported by recurring themes from the qualitative responses. Table 1 presents the demographic 

profile of the faculty researchers, including their sex, age, civil status, number of years in teaching, campus and college, 

field of specialization, and whether they have taught subjects related to data and statistical analysis. 

 

Table 1. Profile of the Respondents. 

Sex Frequency Percentage 

Male 54 49.50 
Female  55 50.5 

Total 109 100.0 
Age Frequency Percentage 

20–29 25 22.9 
30–39 36 33.0 
40–49 23 21.1 
50–59 14 12.1 
60 and above 11 10.1 

Total 109 100.0 
Civil Status Frequency Percentage 

Single  54 49.5 
Married  55 50.5 

Total 109 100.0 
Number of Years in Teaching Frequency Percentage 

<1–10 58 53.2 
11–20 28 25.7 
21–30 15 13.8 
31–40 4 3.7 
41 and Above 4 3.7 

Total 109 100.0 
Campus  Frequency Percentage 

Sumacab 34 31.2 
GT 49 45.0 
Atate 11 10.1 
Fort Magsaysay 3 2.8 
Gabaldon 2 1.8 
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San Leonardo 7 6.4 
Talavera  3 2.8 

Total 109 100.0 
College  Frequency Percentage 

Architecture 3 2.8 
Criminology 7 6.4 
Education 22 20.2 
Engineering 3 2.8 
Information and Communications Technology 12 11.0 
Management and Business Technology 14 12.8 
Arts and Sciences  11 10.1 
Nursing  4 3.7 
Public Administration and Disaster Management  2 1.8 
Linguistics and Literature 12 11.0 
Graduate School 19 17.4 

Total 109 100.0 
Field of Specialization Frequency Percentage 

Language and Literature 18 16.5 
Business Administration 15 13.8 
Information Technology 13 11.9 
Engineering and Mathematics  11 10.1 
Criminology  8 7.3 
Architecture  3 2.8 
Science  13 11.9 
Social Science  8 7.3 
Health 3 2.8 
Agriculture  2 1.8 
Education 15 13.8 

Total 109 100.0 
Subject Taught Related to Data and Statistical Analysis  Frequency Percentage 

Yes 55 50.5 
No 54 49.5 

Total 109 100.0 
Subjects (For Data and Statistical Analysis Related) Frequency Percentage 

No 54 49.5 
Statistics 15 13.8 

Research 35 32.1 
Others (Material and Testing, TQM) 5 4.6 

Total 109 100.0 
Years (for Data and Statistical Analysis Related) Frequency Percentage 

No 54 49.5 
10 Years and Below 49 45.0 
Above 10 Years 6 5.5 

Total 109 100.0 

 

4. RESULTS AND DISCUSSIONS 

4.1. Demographic Profile of the Faculty Researchers 

Among the 109 respondents, 54 (49.5%) were male, and 55 (50.5%) were female, reflecting a balanced gender 

distribution. This finding supports the theoretical perspective of equity and inclusion in higher education, which 

emphasizes that diverse faculty populations foster broader perspectives in research and learning environments [13, 

14]. Prior studies highlighted the underrepresentation of women in academic leadership and systemic barriers to 

career progression [15, 16]. Thus, the current gender balance may facilitate collaborative learning and improve 

overall institutional research productivity, consistent with adult learning theory that values diverse perspectives in 

experiential learning environments. The majority of faculty were aged 30–39 (33%), followed by 20–29 (22.9%) and 

40–49 (21.1%), indicating a relatively young and dynamic workforce. This finding aligns with Kolb’s experiential 

learning theory, which emphasizes that skill development occurs through practical, hands-on experience. Younger 

faculty are likely more adaptable to new statistical tools, while mid-career and senior faculty contribute institutional 

knowledge and mentorship [17, 18]. Marital status was nearly evenly split (49.5% single, 50.5% married). While civil 

status showed no significant difference in statistical knowledge (F = 1.968, p = .164), it is consistent with literature 
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suggesting that work-life balance considerations influence faculty engagement but do not necessarily impact skill 

acquisition [19, 20]. Teaching experience revealed that 53.2% of respondents had 1–10 years of experience, showing 

a predominance of early-career faculty. This aligns with adult learning theory, emphasizing that skill mastery 

develops progressively with experience [21]. The predominance of novice faculty highlights the need for structured 

professional development programs in advanced statistical methods. Campus and college distribution showed 

concentration in GT (45%) and Sumacab (31.2%), with most faculty assigned to the College of Education (20.2%), 

Management and Business Technology (12.8%), and Linguistics and Literature (11.0%). These findings suggest that 

access to resources and institutional support may influence research productivity, aligning with theories on 

organizational learning and faculty development [22-24].  

Field specialization revealed higher representation in Language and Literature (16.5%), Business Administration 

(13.8%), and Information Technology (11.9%). Faculty in Mathematics and Engineering demonstrated greater 

proficiency in statistical tools, supporting Tuckman’s model of skill acquisition, where discipline-specific training 

leads to higher proficiency [25]. This result aligns with prior research indicating that faculty in the humanities may 

require targeted statistical skill development to support research competence [26-28]. Table 2 presents the level of 

knowledge of faculty researchers in data and statistical analysis, specifically in the use and application of statistical 

tools. 

 

Table 2. Level of knowledge in data and statistical analysis in terms of the use and application of statistical tools. 

No. Use and application of statistical tools Mean 
Standard 
deviation 

Verbal 
interpretation 

1 
I can compute the sample size using Slovin’s 
formula or any online sample size calculator based 
on the population of my respondents. 

2.85 .96 Knowledgeable 

2 
I can obtain the validity and reliability coefficients 
of my instrument. 

2.59 .90 Knowledgeable 

3 
I can obtain the weighted mean of the responses of 
my respondents in a Likert scale format. 

3.31 .87 
Very 
knowledgeable 

4 
I can summarize the frequency count of each item 
in the survey questionnaire based on the given 
frequency count. 

3.36 .83 
Very 
knowledgeable 

5 
I can compute the percentage of each item in the 
survey questionnaire based on the given frequency 
count. 

3.32 .90 
Very 
knowledgeable 

6 
I can rank the data categories from highest to 
lowest 

3.44 .83 
Very 
knowledgeable 

7 
I can decide when to use correlation analysis, like 
Pearson’s r and Spearman’s rho. 

2.58 .96 Knowledgeable 

8 
I can compute the chi-square statistic of a given 
data set. 

2.39 1.02 
Slightly 
knowledgeable 

9 
I can obtain the regression model based on the 
available dependent and independent variables. 

2.37 1.01 
Slightly 
knowledgeable 

10 
I can differentiate the use of moderation and 
mediation analysis. 

2.09 .93 
Slightly 
knowledgeable 

11 I can use the z or t-test to compare two groups. 2.54 .99 Knowledgeable 

12 
I can compute the F-value of the given data set 
using ANOVA. 

2.42 1.00 
Slightly 
Knowledgeable 

13 I can decide when to use post-hoc analysis. 2.16 .95 
Slightly 
Knowledgeable 

14 
I can use any non-parametric tests: Kruskal-Wallis 
H test, Mann-Whitney U test, and Wilcoxon 
Signed-Rank test in my research when possible. 

2.00 .97 
Slightly 
knowledgeable 

15 
I can use simple modeling techniques such as 
confirmatory and exploratory factor analysis and 
equation modeling in my research. 

2.04 .94 
Slightly 
knowledgeable 

 Average weighted mean 2.63 .72 Knowledgeable 
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4.2. Level of Knowledge on Data and Statistical Analysis 

Faculty demonstrated an overall "Knowledgeable" level (weighted mean = 2.63). High scores in basic statistical 

tasks such as computing sample sizes, summarizing frequencies, calculating percentages, and ranking data support 

prior research indicating strong foundational skills among academics [29, 30]. This finding aligns with experiential 

learning theory, which emphasizes skill acquisition through hands-on practice and applied experience. 

Conversely, lower scores in advanced methods (regression, mediation/moderation, chi-square, ANOVA, non-

parametric tests) suggest gaps in expertise [31, 32]. These findings support the faculty development model, 

emphasizing progressive training interventions to build advanced competencies. The relatively low standard 

deviations indicate consensus among faculty regarding self-assessed knowledge, reinforcing that foundational 

statistical skills are widely shared, whereas advanced skills require targeted support. Table 3 presents the level of 

knowledge of faculty researchers in data and statistical analysis, specifically in terms of data presentation and 

interpretation. 

 

Table 3. Level of knowledge in data and statistical analysis in terms of knowledge of data presentation and interpretation. 

No. Knowledge of data presentation and interpretation Mean Standard 
deviation 

Verbal 
interpretation 

1 I can present the data results in a meaningful table and 
graphs. 

3.31 0.78 Very 
Knowledgeable 

2 I can make the results based on the APA style reporting. 3.19 0.87 Knowledgeable 
3 I can change the style of the presentation depending on 

the required format. 
3.23 

 
0.80 Knowledgeable 

4 I can provide further explanation about the obtained 
result. 

3.21 0.78 Knowledgeable 

5 I can present the data results orally in a forum or in any 
research activities. 

3.11 0.86 Knowledgeable 

6 I can interpret the appropriateness of the number of sizes 
based on the computation or by using an online sample 
size calculator. 

2.95 0.90 Knowledgeable 

7 I can provide verbal interpretation based on specific 
validity and reliability coefficients. 

2.99 0.90 Knowledgeable 

8 I can correctly extract and analyze meaningful 
information or data from various data sources such as 
charts, tables, graphs, etc. 

3.10 0.84 Knowledgeable 

9 I am familiar with the different steps, such as data 
requirements, data collection, data processing, and data 
analysis. 

3.18 0.77 Knowledgeable 

10 I can formulate and present predictable positive 
outcomes depending on the collected statistics and 
information. 

3.00 0.84 Knowledgeable 

11 I know how to utilize a variety of analytic approaches to 
examine data and come to conclusions that are pertinent 
to the study being conducted. 

2.73 0.91 Knowledgeable 

12 I can categorize, manipulate, and summarize the 
information to answer the research problem in the study 
being conducted. 

3.01 0.84 Knowledgeable 

13 I am particularly good at assigning meaning to the 
collected information and determining the conclusions, 
significance, and implications of the findings. 

2.92 0.86 Knowledgeable 

14 I can classify whether the data requires quantitative or 
qualitative analysis since these are the two most common 
approaches to data interpretation. 

3.01 0.88 Knowledgeable 

15 I can analyze and revise the data so that insights can be 
gained and emerging patterns and behaviors can be 
identified. 

2.81 0.87 Knowledgeable 

 Average Weighted Mean 3.05 0.73 Knowledgeable 

 

The findings from Table 3 offer significant insights into the respondents’ understanding of data presentation and 

interpretation, as well as the use and application of statistical tools. According to the weighted mean scores, 

participants exhibit a proficient level of comprehension in these domains. The overall mean score in data presentation 
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and interpretation was 3.05, suggesting that respondents are capable of effectively presenting and interpreting data 

using suitable techniques and formats with minimal assistance. Significant mean scores were noted in activities such 

as presenting data through tables and graphs, adhering to APA-style reporting, elucidating results, and analyzing 

data from various sources. These results are consistent with the work of Tadese et al. [33] and Barrett and Pack 

[34], who observed comparable levels of proficiency among professionals, and with Zhao [35], who found that 

individuals engaged in inquiry typically demonstrate proficiency in conveying information clearly and accurately. 

From a theoretical perspective, these findings align with constructivist learning theory, which emphasizes that 

understanding is constructed through active engagement with meaningful content and through practical application. 

Faculty members’ ability to interpret and present data effectively reflects experiential learning principles, where 

hands-on engagement with data reinforces comprehension and skill development [36]. 

Nonetheless, lower scores were observed in areas such as employing diverse analytic methods, attributing 

significance to data, and recognizing patterns through data reassessment. These findings indicate a need for further 

professional development in advanced data interpretation techniques [37, 38]. This aligns with faculty development 

models, which emphasize structured interventions to address skill gaps, particularly for higher-order statistical 

reasoning and analysis. 

The overall mean score for the use of statistical tools was 2.63, categorized as “Knowledgeable,” indicating that 

participants demonstrate competence in fundamental statistical tasks, such as summarizing frequency counts, 

calculating percentages, ranking data, and determining weighted means. These findings support prior research by 

Rajwar et al. [39] and Taye [40], highlighting that foundational statistical skills are widely established among 

professionals. From a theoretical standpoint, this proficiency in basic statistical methods supports Kolb’s experiential 

learning cycle, which suggests that repeated practical application reinforces understanding and skill acquisition over 

time. 

However, the analysis also revealed difficulties in applying sophisticated statistical techniques, including 

determining when to use mediation or moderation analysis, calculating chi-square statistics, and constructing 

regression models. These results are consistent with patterns reported by Susnjak and McIntosh [41] and Walter 

[42], indicating that mastery of advanced statistical methods often requires deliberate, guided learning interventions. 

This further reinforces the relevance of adult learning theory, which posits that skill development is enhanced through 

targeted, self-directed, and experiential learning opportunities. 

The relatively low standard deviations (0.72–0.91) suggest general agreement among respondents regarding 

their self-assessed skill levels, indicating a shared understanding of competencies within the group [43]. 

The findings indicate that participants possess solid foundational knowledge in statistical analysis and data 

presentation, which supports the theoretical premise that experiential learning and repeated engagement with tasks 

build competence. However, gaps in advanced techniques highlight the need for structured professional development 

programs guided by faculty development and adult learning theories. Such interventions would enable faculty to 

enhance their analytical capabilities, improving the quality and rigor of research outputs. 

 

4.3. Significant Difference in Knowledge of Data and Statistical Analysis Based on Profile 

Analysis of Variance (ANOVA) was used to determine the significant differences in knowledge of data and 

statistical analysis based on profile variables. Profile variables include sex, age, civil status, number of years in 

teaching, field of specialization, college, and campus. Post-hoc analysis using Bonferroni was also utilized to determine 

which groups differ from each other. Descriptive statistics such as frequency count, percentage, and standard 

deviation were used to describe the groups. All analyses were significant at the .05 level of significance. Table 4 

presents the significant differences in the faculty researchers’ knowledge of data and statistical analysis based on their 

demographic profile. 
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Table 4. Significant difference in knowledge of data and statistical analysis based on the profile of the respondents. 

Profile Knowledge of the use and 
application of statistical 

tools  

Knowledge of data 
presentation and 

interpretation 

Level of knowledge on 
data and statistical 

analysis 

F p-value VI F p-value VI F p-value VI 

Sex 0.416 0.520 NS 0.175 0.677 NS 0.338 0.562 NS 
Age 1.044 0.388 NS 0.883 0.477 NS 0.987 0.418 NS 
Civil Status 3.910 0.051 NS 0.347 0.557 NS 1.968 0.164 NS 
Number of years in 
teaching 

1.799 0.135 NS 1.192 0.319 NS 1.194 0.318 NS 

Campus 1.374 0.232 NS 1.529 0.176 NS 1.640 0.144 NS 
College 1.925 0.051 NS 1.129 0.349 NS 1.583 0.123 NS 
Field of 
Specialization 

3.116 0.002* S 1.279 0.253 NS 1.927 0.050 NS 

Note: * significant at. 05 level.  
NS - Not Significant; S – Significant; and VI - Verbal Interpretation. 

 

Sex: The results indicate no significant difference in statistical knowledge based on sex. Specifically, for the use 

and application of statistical tools (F = 0.416, p = 0.520), data presentation and interpretation (F = 0.175, p = 0.677), 

and overall knowledge on data and statistical analysis (F = 0.338, p = 0.562), male faculty (m = 2.80) demonstrated 

similar proficiency levels as female faculty (m = 2.87). These findings are consistent with Eren [44], who reported 

no significant differences in statistical knowledge between male and female faculty members in a similar context. 

Theoretically, this aligns with adult learning theory, which emphasizes that learning outcomes are influenced more 

by engagement and prior experience than by demographic characteristics such as sex [45]. 

Age: Age did not significantly affect faculty knowledge of statistical tools (F = 1.044, p = .388), data presentation 

and interpretation (F = .883, p = .477), or overall knowledge (F = .987, p = .418). This suggests that faculty across 

different age groups, from very young (20–29) to very old (60–69), possess comparable statistical knowledge. These 

results support findings by Li and Xue [46] who found no significant impact of age on statistical knowledge among 

faculty. From a theoretical perspective, constructivist learning theory implies that knowledge is constructed through 

experience and active engagement rather than age, which may explain the uniformity in competencies across age 

groups [47]. 

Civil Status: No significant differences were observed based on civil status for statistical tools (F = 3.910, p = 

.051), data presentation and interpretation (F = .347, p = .557), or overall knowledge (F = 1.968, p = .164). Single 

faculty members (mean = 2.75) and married faculty members (mean = 2.93) showed similar levels of competence. 

Although direct studies on civil status and statistical knowledge are limited, Dodanwala et al. [48] found that marital 

status does not significantly influence overall job performance, suggesting that personal circumstances do not affect 

the acquisition of statistical skills. 

Number of Years in Teaching: Faculty experience, ranging from novice (0–10 years) to expert (41 years and 

above), did not significantly influence statistical knowledge. The F-values for statistical tools (F = 1.799, p = .135), 

data presentation and interpretation (F = 1.192, p = .319), and overall knowledge (F = 1.194, p = .318) all indicated 

no significant differences. These findings are in line with Deng and Yu [49], who reported that teaching experience 

does not necessarily correlate with higher statistical knowledge. This may be interpreted through Kolb’s experiential 

learning theory, which suggests that repeated exposure alone does not guarantee advanced skill development; 

targeted learning interventions are necessary to enhance expertise [50]. 

Campus: No significant differences were observed across campuses in the use of statistical tools (F = 1.374, p = 

.232), data presentation (F = 1.529, p = .176), or overall knowledge (F = 1.640, p = .144). Faculty members across 

campuses displayed comparable levels of knowledge. While studies directly linking campus location to statistical 

knowledge are scarce, research on institutional culture and professional development [51, 52] suggests that 

organizational environment may influence skill acquisition, though this effect may be minimal in the current sample. 
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College: Similarly, faculty across colleges did not show significant differences in statistical knowledge (statistical 

tools: F = 1.925, p = .051; data presentation: F = 1.129, p = .349; overall knowledge: F = 1.583, p = .123). This aligns 

with Berraies and Chouiref [53], who suggest that professional development opportunities can be more influential 

than college affiliation in shaping statistical competencies. Field of Specialization: A significant difference was 

observed in the knowledge of statistical tools among faculty from different fields (F = 3.116, p = .002). Post-hoc 

analysis revealed that faculty in mathematics and engineering fields scored higher than those in language, literature, 

and architecture. This finding supports Sebola [25], who reported higher statistical proficiency among STEM faculty 

compared to those in the humanities. However, no significant differences were found in data presentation and 

interpretation (F = 1.279, p = .253) or overall knowledge (F = 1.927, p = .050), indicating that while domain-specific 

training enhances technical skills in statistical tools, general data analysis competencies remain similar across fields 

[46]. From a theoretical standpoint, this is consistent with Tuckman’s model of skill acquisition, which posits that 

domain-specific training and practice lead to higher proficiency in technical tasks [54]. 

Demographic factors such as sex, age, civil status, years in teaching, campus, and college do not significantly 

influence faculty knowledge of statistical tools, data presentation, or overall data analysis. However, the field of 

specialization significantly affects proficiency in statistical tools. These findings are consistent with previous research 

and theoretical frameworks emphasizing that experiential engagement, domain-specific training, and structured 

professional development are key determinants of statistical competence, rather than demographic characteristics. 

 

4.4. Challenges and Difficulties Encountered in Data and Statistical Analysis 

4.4.1. Challenges and Difficulties in Data and Statistical Analysis 

The ability to conduct accurate and meaningful data analysis is fundamental for faculty members in State 

Universities and Colleges (SUCs) in Region 3, as it informs decision-making, program evaluation, and research 

outcomes. Despite the growing availability of statistical tools and software, faculty members often encounter several 

challenges that hinder their effective use of data and statistical analysis. 

1. Lack of Statistical Expertise 

A significant challenge faced by faculty members is the lack of statistical expertise. Many faculty members are 

not adequately trained in advanced statistical methods, which can reduce confidence and proficiency in data 

analysis [55]. This aligns with constructivist learning theory, which posits that individuals develop knowledge 

through active engagement and experience [56]. Without sufficient hands-on exposure, faculty are less able 

to internalize complex statistical concepts, resulting in limited understanding and occasional misinterpretation 

of data. 

2. Insufficient Training and Professional Development Opportunities 

Limited access to continuous training programs is another major challenge. Faculty members often receive 

minimal exposure to advanced statistical techniques during formal education, making it difficult to adapt to 

emerging methods [57, 58]. This finding is consistent with adult learning theory, which emphasizes the 

importance of ongoing, self-directed, and experience-based learning for skill development [59]. Without 

targeted professional development, faculty struggle to enhance their statistical knowledge and skills. 

3. Limited Access to Statistical Software 

Access to reliable statistical software is essential for effective data analysis, yet faculty often face challenges in 

obtaining and using licensed tools [60]. Budgetary constraints and institutional resource limitations may 

prevent faculty from employing advanced software, which in turn restricts their ability to conduct sophisticated 

analyses. This aligns with prior research emphasizing the role of technological infrastructure in shaping faculty 

performance and competency [33, 34]. 
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4. Time Constraints 

Faculty members’ heavy workloads, including teaching, research, and administrative responsibilities, limit the 

time available for in-depth data analysis [61, 62]. This challenge resonates with Kolb’s experiential learning 

theory, which highlights that skill acquisition requires dedicated time for practice and reflection [63]. 

Insufficient time hinders the development of proficiency in both statistical tools and data interpretation. 

5. Complex Data Collection and Preparation 

The process of gathering and preparing data for analysis is often complex and time-consuming [64, 65]. 

Faculty must manage missing or inconsistent data and clean datasets before analysis, which can be technically 

challenging [66]. This difficulty reflects the theoretical perspective that expertise in statistical analysis is built 

not only on knowledge of formulas and software but also on practical problem-solving skills developed through 

iterative, hands-on experience [50]. 

6. Limited Collaboration and Support 

Collaboration with colleagues and access to institutional research support are critical for effective data analysis 

[67]. However, limited opportunities for interaction with statisticians or experienced researchers can impede 

guidance and feedback [68, 69]. This finding reinforces adult learning theory, which emphasizes social 

learning and mentorship as vital components of professional development [70]. A lack of collaborative support 

restricts the ability of faculty to refine their analytical skills. 

Faculty members in SUCs face multifaceted challenges in statistical analysis, including gaps in expertise, limited 

training, restricted software access, time constraints, complex data preparation, and insufficient collaboration. These 

challenges highlight the need for targeted interventions, such as structured professional development programs, 

enhanced access to statistical tools, and supportive collaborative environments, to strengthen faculty capacity in data 

and statistical analysis. Integrating these strategies aligns with both constructivist and adult learning theories, 

underscoring the role of active engagement, experiential learning, and mentorship in nurturing statistical proficiency. 

 

4.5. Proposed Intervening Strategies and Policy Recommendation 

The results and interpretations of the data suggest several key themes and patterns regarding the intervention 

strategies that the university can employ to improve knowledge of data and statistical analysis. These themes are 

based on the open codes, axial codes, and selective codes identified in the analysis. Table 5 presents the proposed 

intervening strategies and policy recommendations to enhance faculty researchers’ knowledge in data and statistical 

analysis. 

 

Table 5. Proposed intervening strategies and policy recommendations. 

Theme/Strategy Description Specific actions Supporting studies 

1. Conduct capacity building 
and development programs 

Emphasizes the need for regular 
and comprehensive training in 
data and statistical analysis. 

Extensive seminars, webinars, 
and workshops using statistical 
software. 

Shah and Sureja [71] 

2. Conduct trainings Focuses on structured, hands-on, 
and topic-specific training for 
faculty. 

In-house, intensive, self-paced 
training on tools like SPSS. 

Albert [72] 

3. Conduct seminars Encourages knowledge sharing 
and updates on data analysis 
methods. 

Regular seminars on statistical 
approaches, data management, 
and software use. 

Salehi and Sadeq 
[73] 

4. Conduct webinars Offers accessible learning 
platforms for continuous 
knowledge development. 

Periodic webinars on data 
manipulation, interpretation, 
and advanced topics. 

Liu and Yu [74] 

5. Expose all faculty to a 
variety of opportunities 

Ensures inclusive training for all 
faculty members. 

Recorded video lessons, one-on-
one coaching, expert 
consultations, and peer 
learning. 

Morina [75] and 
Giangreco [76] 

6. Give financial support and 
assistance to faculty 
researchers 

Highlights the importance of 
funding for research and training. 

Research grants, funding for 
training, and software 
acquisition. 

Alsoud and Harasis 
[77] and Hassani and 
Silva [78] 
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Theme/Strategy Description Specific actions Supporting studies 
7. Implement extensive 
research activities 

Promotes research culture and 
practical application of statistical 
skills. 

Encourage faculty-led projects, 
integrate research into 
instruction. 

Kim and Jung [79] 

8. Offer graduate programs 
related to data analysis 

Suggests academic pathways for 
specialized training in statistics. 

Establish graduate-level 
programs focused on data and 
statistical analysis. 

Li [80] 

9. One-on-one coaching and 
expert consultation 

Provides tailored guidance to 
enhance individual faculty 
proficiency. 

Access to statisticians, 
personalized coaching, and 
feedback. 

Shafiee Rad [81] 

 

5. CONCLUSION AND RECOMMENDATION 

The faculty researchers demonstrate a reasonable level of knowledge in data and statistical analysis, particularly 

in descriptive statistics and data presentation. However, there is a need for further training and education in advanced 

statistical tools and the selection of appropriate statistical techniques to enhance their research capabilities. 

The findings suggest that there is a need for training and professional development programs to enhance the 

knowledge and skills of faculty researchers in data and statistical analysis in the SUC of the North. The majority of 

faculty members have not taught subjects related to data and statistical analysis, indicating a potential gap in 

expertise. Investing in capacity-building initiatives can help improve the quality of research and academic output in 

the institution. 

The study revealed that there were no significant differences in knowledge levels regarding the use and 

application of statistical tools, data presentation and interpretation, and overall knowledge of data and statistical 

analysis based on sex, age, civil status, number of years in teaching, campus, and college. However, there was a 

significant difference in the knowledge of statistical tools among faculty members in different fields of specialization, 

with math and engineering faculty having a higher mean.  

These findings indicate that faculty members may have similar exposure and experience in research methodology 

courses, contributing to their knowledge in data presentation, interpretation, and analysis across various factors 

except for the field of specialization. 

The challenges and difficulties faced by faculty members from SUCs in Region 3 regarding data and statistical 

analysis, with a focus on the utilization of statistical tools and techniques, are multifaceted. These challenges include 

a lack of statistical expertise, insufficient training opportunities, limited access to statistical software, time constraints, 

and complex data. 

It is recommended to conduct extensive and consistent seminars, webinars, training sessions, and workshops 

focused on data and statistical analysis using software. These initiatives can help researchers, professionals, and 

students enhance their skills and knowledge in utilizing statistical tools and software effectively. By providing 

opportunities for hands-on practice and guidance, such initiatives can contribute to improving the overall competency 

and proficiency of individuals in data analysis, thereby enabling them to make more informed decisions and 

interpretations based on robust statistical methods. 
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