


The Paths to Developing Teachers: Using Path Analysis to Analyze the Impacts of Teacher Preparation Program Characteristics on Preservice Teacher Completion Rates
Introduction
Teacher quality directly influences student achievement and learning outcomes (OECD, 2005; Rowe, 2002), but what affects teacher quantity? This question has become increasingly difficult to answer as national teacher shortages intensify (Doss et al., 2023; Eck & Edwards, 2019) and certification routes multiply (Feistritzer, 2011). Evidence remains inconclusive across the board, leaving policymakers uncertain where to invest concentrated efforts to alleviate school staffing challenges (Clotfelter et al., 2020; Goldhaber & Brewer, 2000; Witford et al., 2017). While arguments persist about whether the challenge lies with recruitment (Brown & Riden, 2023; Evans et al., 2021), certification routes and scholarship strategies (Bowling & Ball, 2018; Darling-Hammond & Sykes, 2003), or alternative retention efforts (Igo & Perry, 2019), the fact remains: Nearly 40,000 teaching vacancies persisted nationwide in 2024 (Nguyen et al., 2024), compounded by a 336,000-student decrease in teacher preparation program (TPP) enrollment from 2008 to 2016 (Evans et al., 2021). 
	Arguably, the national teacher shortage is a wicked problem exacerbated by several converging challenges (Boone & Boone, 2009; Boström & Bostedt, 2025; Ingersoll, 2001). One particular challenge lies with matriculation through TPPs. As we consider strengthening the teaching workforce, our primary concern in this study was preparation. With the number of preservice teachers completing TPPs declining by 35% since 2012 (AACTE, 2022), a closer look at TPP retention was warranted. Even without a national teacher shortage, this work remains worthwhile. TPPs and their educators are under increasing pressure to demonstrate effectiveness, both in preparing teachers and in graduating enough of them (Hood et al., 2022). The onus is on TPPs to review the program characteristics influencing their enrollments and matriculation. Our study aimed to provide a starting point for TPPs across disciplines to evaluate their efforts to ensure a stable and sufficient workforce for education, as recently called for in school-based agricultural education (SBAE; Haddad et al., 2020; Hur et al., 2023). We employed path analysis to identify and examine the relationships between TPP characteristics and program completion, by posing one research question to guide our study:
RQ: Which TPP characteristics contributed directly and indirectly to predicting program completions? 
Literature Review
	Teacher shortages in the United States have reached alarming levels, with nearly 40,000 openings nationwide in 2024 (Nguyen et al., 2024). The shortage has intensified as TPPs face declining enrollments, including the 336,000-student decrease between 2008 and 2016 (Evans et al., 2021). While many states and their institutions confront these looming challenges, some states, including Utah, have reversed their declines. Evans et al. (2021) found Utah experienced a 67% increase in preservice teacher enrollment, in contrast to the rest of the country. Although the specific causes of this increase were not fully explained, the study suggested exploring state-level preservice teacher recruitment strategies is needed.
Proactive strategies such as scholarship opportunities and alternative certification pathways have been found to increase enrollment (Darling-Hammond & Sykes, 2003). Similarly, other institutions have explored innovative recruitment strategies targeting individuals already within schools and communities (e.g., paraprofessionals, support staff, community experts, and parents) to recruit into TPPs (Brown & Riden, 2023). While helpful in bringing individuals into TPPs, these efforts did not address why so many preservice teachers leave or fail to complete their programs. 
To drive meaningful change, research on teacher education must shift from recruitment to examining TPPs’ internal structures. Notably, one study found 42% of students who entered their undergraduate program as declared preservice teachers changed their majors before graduation, and, even more concerning, 20% of these students dropped out completely (Chen, 2013). Thus, adequate attention must be paid to retaining preservice teachers throughout their programs, as the referenced studies have highlighted the severity of the teacher shortage. More importantly, TPPs and their educators must demonstrate urgency in evaluating and revising specific program characteristics influencing their enrollment and retention to address the preservice (and in-service) teacher shortage.
Teacher Preparation Program Characteristics
	To comprehend and assess the success of TPPs, we must identify the most influential program characteristics shaping preservice teachers’ experiences and their decisions to remain in or leave their programs. Cavanna et al. (2021) defined program coherence as structural and conceptual alignment across curriculum, instruction, and field experiences, which plays a prominent role in the outcomes of TPPs. In fact, when programs clearly articulate their vision and teacher educators consistently achieve it, preservice teachers are better prepared and more likely to complete their programs. On the other hand, programs lacking unity tend to be disorganized, negatively impacting preservice teacher development (Cavanna et al., 2021). Based on this evidence, we proposed our first hypothesis:
H1: TPPs with clear visions and missions will have higher completion rates.
	Although effective mentorship has been defined in multiple ways (Awaya et al., 2003; Clawson, 1996; Kwan & Lopez-Real, 2005; OER, 1993), it significantly influences preservice teachers’ readiness, retention, and desire to teach (Ambrosetti & Dekkers, 2010; Clarke et al., 2014; Stewart et al., 2017). For example, Greathouse and Dobbins (2023) and Mazzye et al. (2022) illustrated intensive mentorship during the student teaching experience positively affected preservice teachers. In particular, the selection and training of cooperating teachers enhanced preservice teachers’ preparedness and the likelihood of achieving success early in their careers (Mazzye et al., 2022). Thus, our second hypothesis was:
H2: TPPs utilizing more mentor teachers will have higher completion rates.
	Beyond mentoring, the overall student teaching experience is a core characteristic of TPPs (Brown et al., 2015). Notably, the length of these experiences matters. Greathouse and Dobbins (2023) found longer student teaching experiences were positively related to greater feelings of teacher preparedness, early-career effectiveness, and retention than shorter forms (see also Dewey, 1938). Bandura (1986) also emphasized mastery experiences—such as those developed through extended teaching practice—were key to building self-efficacy, which strengthened preservice teachers belief in their ability to succeed and persist in the profession (Knobloch, 2001; McKim & Velez, 2017). Our third hypothesis considered these findings:
H3: TPPs with more hours required in their student teaching experiences and all other field experiences will yield higher completion rates than programs with fewer hours.
	How TPPs and their institutions recruit preservice teachers is critical to understanding how to increase enrollment and completion rates, as these strategies influence who enters the pipeline, thereby affecting program outcomes and overall teacher supply (Baldock et al., 2025; Thieman et al., 2016). Likewise, contact with teacher educators significantly influences preservice teachers’ enrollment decisions (Grantham et al., 2015; Love & Love, 2023). Other findings indicated the level of contact between preservice teachers and faculty during their program made a difference in their success (Jacobs et al., 2017). Therefore, we proposed our fourth hypothesis: 
H4: TPPs with a more full-time and adjunct faculty will have higher completion counts.
	Educational theory suggests flexible schedules, applied learning, and strong cohort connections help foster professional identity and satisfaction (Anderson & Boutelier, 2021). However, while coursework flexibility supports retention, GPA-based admissions may work against it. Van Overschelde and Lopez (2018) found higher GPA requirements did not improve teacher quality and reduced program diversity and completion. Based on this, we proposed our fifth hypothesis:
H5: Higher GPA admission requirements will negatively impact TPP completion.
We identified several key characteristics influencing the success of teacher preparation programs. Program coherence, mentorship, residency models, student teaching experiences, targeted recruitment practices, and financial incentives consistently emerge as critical factors. Unfortunately, no study or dataset to date has involved data on all these factors from a large sample of preservice teachers. The closest available data are in the Title II Report, an annually published self-reported dataset on teacher preparation programs. 
Methods
Our study utilized data from the 2023 United States Title II Report, which compiled self-reported data from 2,217 institutions of higher education (IHE) across the United States and its jurisdictions for the 2021-2022 academic year (U.S. Department of Education, 2023). Mandated by the Higher Education Act of 1965, each IHE must annually report specific data on TPPs to the United States Department of Education. Each state and jurisdiction appoints one individual to collect institutional data for the Department of Education. Although a comprehensive dataset, the Title II Report’s self-reported nature introduced potential measurement and reliability concerns, including inconsistencies and data-entry errors (Groves et al., 2009; Keese et al., 2022). However, the dataset provided a means for our research team to examine trends in teacher preparation, enrollment, completion rates, and other characteristics. Therefore, our study used the available data to provide teacher educators, policymakers, and state education leaders with clear, empirically supported insights into the specific characteristics of TPPs who effectively produced future educators.  
Our target population comprised all accredited TPPs (N = 2,217) at institutions (N = 26,576) across the United States; therefore, we examined a sample of National Education Association (NEA) Zone 3 institutions (n = 508) and their TPPs (n = 2,180) from the larger 2023 Title II Report dataset (see Table 1). 
Table 1
Study Sample
	State
	Number of Institutions with TPPs
	Number of TPPs

	Colorado
	44 (8.7%)
	456 (6.4%)

	Illinois
	57 (11.2%)
	1,140 (15.9%)

	Indiana
	81 (15.9%)
	717 (10.0%)

	Iowa
	31 (6.1%)
	410 (5.7%)

	Kansas
	31 (6.1%)
	290 (4.0%)

	Michigan
	40 (7.9%)
	633 (8.8%)

	Minnesota
	36 (7.1%)
	575 (8.0%)

	Missouri
	53 (10.4%)
	823 (11.5%)

	Nebraska
	17 (3.3%)
	375 (5.2%)

	North Dakota
	14 (2.8%)
	122 (1.7%)

	Ohio
	51 (10.0%)
	803 (11.2%)

	South Dakota
	11 (2.2%)
	119 (1.7%)

	Wisconsin
	42 (8.3%)
	717 (10.0%)


Note. Percentages represent each state’s share of the total institutions (N = 508) and teacher preparation programs (N = 7,180) included in the NEA Zone 3 sample.
To identify these institutions and ensure a structured approach, we pulled a purposive sample frame from the larger dataset and included all institutions with teacher preparation programs in Colorado, Iowa, Illinois, Indiana, Kansas, Michigan, Missouri, Minnesota, North Dakota, Nebraska, Ohio, South Dakota, and Wisconsin (National Education Association, 2025). We conducted unpaired t-tests to compare key characteristics (e.g., faculty-to-student ratios, program completion rates, demographic distributions) between our sample and the broader Title II dataset and to assess the representativeness of our sample. The results indicated the sample aligned with national trends in some areas (e.g., faculty size and gender distributions), but it differed significantly in terms of racial demographics and program characteristics (see Table 2). Institutions in this NEA zone shared similar student demographics, educational policies, and teacher certification standards, thereby enhancing internal consistency within the analysis (Etikan et al., 2016). However, although our sampling strategy allowed focused regional analysis, it limited our generalizability to teacher preparation programs in other regions (Daniel, 2012).  
Table 2
Comparison of Sample Characteristics to Population
	
	Sample
	Population
	

	Characteristic
	M
	SD
	M
	SD
	t

	Average Total Number of TPPs per Institution
	14.1
	20.8
	12.0
	14.5
	2.69*

	Average Number of FTE Faculty per Institution
	6.6
	9.4
	6.7
	30.5
	0.07

	Average Number of Male Program Completers
	18.0
	20.6
	19.5
	44.9
	0.74

	Average Number of Female Program Completers
	62.9
	76.0
	69.7
	146.4
	1.02

	Average Number of White Program Completers
	71.7
	85.3
	60.2
	111.8
	2.18*

	Average Number of Black Program Completers
	3.5
	8.8
	7.9
	33.1
	2.97*

	Average Number of Hispanic Program Completers
	6.9
	15.1
	15.6
	44.0
	4.40*

	Average Number of Asian Program Completers
	1.1
	3.7
	2.9
	13.3
	3.03*


Note. *p < 0.05.
[bookmark: OLE_LINK1]Non-accredited TPPs, although numerous, were not represented in the Title II dataset, which potentially introduced coverage error (Groves et al., 2009). However, this exclusion would have been problematic only if our target population included all TPPs in the United States and its jurisdictions. Because we explicitly limited our target population to accredited TPPs and focused on accredited TPPs, adhering to specific standards and reporting requirements (Kelloway, 2015), our omission did not materially affect the research questions or analyses. Furthermore, the data we selected represented a national census, as all TPPs in the United States and its jurisdictions were represented in the dataset because they are legally required to report their data, thereby mitigating any further potential coverage errors. 
Data Analysis
We chose to conduct a path analysis of the data because this quantitative approach effectively clarifies the causal relationships between these observable characteristics and their influence on program success (Bollen, 1989). Additionally, path analysis allows modeling among observed variables (Raykov & Marcoulides, 2006) and interpretation of direct and indirect effects (Land, 1969). We conducted path analysis in Mplus 8.7 to examine relationships between TPP characteristics and completion (Lleras, 2005). We evaluated model fit with CFI, RMSEA, and SRMR. Our model fit comprised four iterations, guided by Model Fit Indices and fit criteria (Alhija, 2010; Hooper et al., 2008; Hu & Bentler, 1999), as derived from theory. By understanding the joint effects, or the relative contributions, of each observable TPP characteristic, we hoped to arrive at clearer insights into which factors most significantly impact TPP completion rates.
The variables (i.e., characteristics) available in the Title II Report dataset most aligned with the literature and therefore aligned with our study’s purpose and research question were a) Number of TPPs per Institution, b) Number of Faculty FTE, c) Number of Adjunct Faculty FTE, d) Undergraduate Minimum GPA for Entry, e) Number of Hours before Student Teaching, f) Number of Hours during Student Teaching, g) Total Enrollment in TPPs at Institutions, h) Number of Mentor Teachers for Student Teaching, and i) Number of Students in Student Teaching (see Table 3). All these variables were theoretically linked to TPP success, which we operationalized as the number of program completers. The hypothesized model illustrating expected direct and indirect effects of our hypotheses is presented in Figure 1. Solid arrows indicate hypothesized positive effects, while the lone negative effect is indicated by a dashed arrow. In addition, variables with arrows entering them were considered endogenous, and those with only exiting arrows were exogenous (Kline, 2023).
Figure 1
Hypothesized Path Diagram
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The number of mentor teachers and student teaching hours reflects practical aspects of mentorship quality and the depth of hands-on experience preservice teachers receive, because more mentor teachers can provide greater individualized support. Moreover, more teaching hours afford richer professional development opportunities for preservice teachers. Likewise, the number of faculty FTE and adjunct faculty FTE indicated the degree of access preservice teachers have to their teacher educators. This means more faculty members can facilitate smaller class sizes, enhance attention to and support for each preservice teacher, and engage targeted recruitment practices, all of which establish more meaningful faculty-student interactions (Bradley et al., 2008; McDonald, 2013). Other factors, such as program coherence, flexibility in coursework, and professional identities, remained largely conceptual and were not directly measured in the Title II dataset. Thus, we could directly test H2, H3, H4, and H5, but not H1.
Results
	Our data analysis began with descriptive statistics. This univariate analysis revealed substantial variability across the 508 teacher preparation programs in our dataset (see Table 3). The number of programs per institution ranged from 1 to 435, with notable differences in faculty size (M = 6.6, SD = 9.4) and adjunct use (M = 14.1, SD = 32.6). The minimum GPA entrance requirements were consistent across these programs (M = 2.7, SD = 0.2). Interestingly, field experience hours before (M = 156.6, SD = 107.5) and during (M = 573.6, SD = 140.0) the student teaching experience varied, with a handful of institutions (n = 11) requiring no hours before entering the final leg of their teacher preparation program. Additionally, the dataset included the total enrollment across all years of the teacher preparation programs (M = 253.2, SD = 404.1), reflecting students at various stages in their programs. In contrast, the number of program completers (M = 68.9, SD = 92.2) specifically captured those students completing their programs in the same academic year. Furthermore, the number of mentor teachers (M = 137.8, SD = 216.2) and the number of student teachers (M = 162.1, SD = 297.1) both showed wide variability, further highlighting differences in program scale and implementation across institutions.
Table 3
Descriptive Statistics for Variables
	Variable
	Min
	Max
	M
	SD

	Number of TPPs per Institution
	1
	435.0
	14.1
	20.8

	Number of Faculty FTE
	0.0
	108.3
	6.6
	9.4

	Number of Adjunct Faculty FTE
	0.0
	586.0
	14.1
	32.6

	Minimum GPA for Entry
	2.0
	3.0
	2.7
	0.2

	Number of Hours before Student Teaching
	0
	1024.0
	156.6
	107.5

	Number of Hours during Student Teaching
	240.0
	1400.0
	573.6
	140.0

	Total Enrollment in Teacher Preparation Programs at Institutions
	0.0
	4218.0
	253.2
	404.1

	Number of Mentor Teachers for Student Teaching Experience
	0.0
	2200.0
	137.8
	216.2

	Number of Students in Student Teaching
	0.0
	3131.0
	162.1
	297.1

	Total Number of Program Completers
	0.0
	905.0
	68.9
	92.2



	Next, we began our path analysis. This included five iterations to fit our hypothesized model using both conceptual justification and the Model Fit Indices in the Mplus output (see Table 4). Our original hypothesized model fit the data poorly (χ2(19) = 346.643, p < 0.001). Additional fit indices were consistent with this finding: CFI = 0.778, RMSEA = 0.215, SRMR = 0.121 (Alhija, 2010). 
Table 4
Model Fit Comparison Table
	
	χ2
	df
	p value
	CFI
	RMSEA
	SRMR
	D χ2
	D df

	Hypothesized Model
	346.643
	19
	0.001
	0.778
	0.215
	0.121
	--
	--

	First Iteration
	208.349
	18
	0.001
	0.871
	0.169
	0.080
	-138.294
	-1

	Second Iteration 
	132.161
	17
	0.001
	0.922
	0.135
	0.049
	-76.188
	-1

	Third Iteration
	80.836
	16
	0.001
	0.956
	0.104
	0.039
	-51.325
	-1

	Fourth Iteration
(Retained Model)
	56.466
	15
	0.001
	0.972
	0.086
	0.035
	-24.370
	-1


Our first iteration added a path from Number of Faculty FTE to Number of Student Teachers in Student Teaching. The modification index (M.I. = 79.654) suggested freeing this parameter would improve model fit. Moreover, we justified this on the premise more faculty members likely supervise more student teachers during the student teaching experience. Model fit based on this change improved (χ2(18) = 208.349, p < 0.001), yet remained inadequate (Hooper et al., 2008).
Our second iteration added a path from Number of Student Teachers to Total Enrollment in TPPs. The modification index (M.I. = 57.847) again guided our decision and was supported by understanding more student teachers contribute to more program completers. This change improved model fit (χ2(17) = 80.836, p < 0.001) and additional indices reflected this trend: CFI = 0.922, RMSEA = 0.135, SRMR = 0.049.
We connected Number of Mentor Teachers for Student Teaching to Total Number of Program Completers for our third iteration. This change was informed by the modification index, which suggested model fit would improve by adding this path (M.I. = 44.663). This change did in fact improve model fit (χ2(16) = 80.836, p < 0.001), and the additional indices (CFI = 0.956, RMSEA = 0.104, SRMR = 0.039) showed the model approximately fit the data (Hu & Bentler, 1999).
Our fourth iteration added a path from Number of Adjunct Faculty FTE to Total Number of Program Completers, which we included for two reasons. First, the model illustrated a significant indirect path from the exogenous variable to the distal outcome; therefore, it was logical to consider whether a direct path also existed. Second, the prior modification index reported after our third iteration indicated this additional path was worth pursuing (M.I. = 23.191). As a result of this final iteration, the model improved yet again (χ2(15) = 56.466, p < 0.001; CFI = 0.972; RMSEA = 0.086; SRMR = 0.035). However, our model did not achieve close fit (Hu & Bentler, 1999). Due to the limitations in the dataset and the lack of additional theoretically sound paths, we retained the model (see Table 5 and Figure 2). A chi-square difference test revealed χ2(4) = 290.177, p < 0.001, indicating the more constrained model (hypothesized model) fit significantly worse than the retained model, thereby validating our process of modifying the model.
Table 5
Results of Path Analysis
	Paths
	Path Coefficients
	Standard Error
	t

	To Number of TPPs per Institution from:
	
	
	

	Number of Faculty FTE
	0.081
	0.054
	1.486

	Number of Adjunct Faculty FTE
	0.045
	0.054
	0.835

	To Total Enrollment in TPPs at Institutions from:
	
	
	

	Number of TPPs per Institution
	0.078*
	0.035
	2.191

	Number of Faculty FTE
	0.256*
	0.050
	5.091

	Number of Adjunct Faculty FTE
	0.088*
	0.038
	2.325

	Minimum GPA for Entry
	-0.028
	0.036
	-0.787

	Number of Students in Student Teaching
	0.479*
	0.050
	9.631

	To Number of Students in Student Teaching from:
	
	
	

	Number of Faculty FTE
	0.457*
	0.034
	13.442

	Number of Hours before Student Teaching
	-0.008
	0.029
	-0.286

	Number of Hours during Student Teaching
	-0.016
	0.029
	-0.534

	Number of Mentor Teachers for Student Teaching
	0.479*
	0.050
	14.166

	To Total Number of TPP Completers from:
	
	
	

	Number of Adjunct Faculty FTE
	0.109*
	0.022
	4.929

	Total Enrollment in TPPs at Institutions
	0.633*
	0.028
	22.411

	Number of Mentor Teachers for Student Teaching 
	0.224*
	0.031
	7.135

	Number of Students in Student Teaching 
	0.126*
	0.033
	3.811


Note. *p < 0.05
Figure 2
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Note. Solid arrows represent the significant path coefficients, and the dashed arrows represent the nonsignificant path coefficients. 
Discussion
	We explored how TPPs’ characteristics influenced program success, defined by the number of completers. The findings revealed key insights, answered our research question, and yielded practical implications. Our path analysis confirmed Hypotheses 2 and 4, showing only program size and total enrollment directly predicted program completion. These findings aligned with prior research and theory, emphasizing the necessity of faculty support and involvement (Jacobs et al., 2017) and mentoring structures (Greathouse & Dobbins, 2023; Mazzye et al., 2022). Additionally, the final model addressed our research question as it revealed several pathways through which program characteristics appeared to interact to affect program outcomes. For example, program faculty levels and offerings influenced program completion by shaping total enrollment, suggesting programs with sufficient infrastructure may be better positioned to attract and retain preservice teachers. Similarly, mentorship structures were significantly associated with the number of student teachers, thereby predicting program completers. These findings contend TPP structures do not function in silos. Rather, they intersect and amplify one another’s effects, shaping whether preservice teachers complete their respective programs.
The path analysis model’s fit improved across iterations, yet it remained suboptimal, suggesting key TPP characteristics were likely omitted or poorly captured in the Title II Report dataset. Thus, we are left with important questions for future research and policy: What indicators of TPP quality and completion are missing from current national datasets? Does high TPP completion indicate success? And how should TPP balance the natural attrition of preservice teachers with the need to retain and prepare effective teachers? These questions extend beyond the scope of our study but highlight the need for more nuanced, holistic data in TPP research. Instead of focusing solely on retention, TPPs may benefit from identifying which TPP exits are constructive (e.g., changes in career interests, dispositional challenges) versus problematic (e.g., lack of support). Our field must weigh this as we aim to produce resilient and well-prepared teachers.
Even though prior studies emphasized the importance of engaging preservice teachers in extensive classroom teaching experiences (Chen, 2013; Greathouse & Dobbins, 2023), we found the number of hours required before and during the student teaching experience did not significantly predict the number of student teachers or program completers. This did not suggest student teaching and other field experiences are unimportant; rather, the amount of time required by programs was insufficient to explain variation in completion outcomes. Likewise, although some researchers found GPA to be a positive predictor of preservice teacher success (Bansiong & Balagtey, 2020), and others have questioned the use of GPA as an admissions screen (Moore, 2019; Van Overschelde & Lopez, 2018), we did not find a significant relationship between GPA requirements and program completers. This may reflect a restricted range issue, as most programs reported similar GPA thresholds (2.0 to 3.0). These discrepancies underscore the limitations of the dataset in capturing the full scope of factors likely influencing TPP success.
The path analysis model’s fit improved across the three iterations, but remained suboptimal, indicating that relevant program characteristics were likely left out or not well captured in the Title II dataset. While prior studies emphasized the importance of engaging preservice teachers in extensive hands-on classroom teaching experiences (Chen, 2013; Greathouse & Dobbins, 2023), the number of hours required before and during the student teaching experience did not significantly predict the number of student teachers or program completers. This does not suggest student teaching and other field experiences are unimportant; rather, the amount of time required by programs was insufficient to explain variation in completion outcomes. Likewise, although some researchers have found GPA to be a positive predictor of preservice teacher success (Bansiong & Balagtey, 2020), and others have questioned the use of GPA as an admissions screen (Moore, 2019; Van Overschelde & Lopez, 2018), this study analyzed minimum program-level GPA requirements, not individual student data. The lack of a significant relationship may reflect a restricted range issue, as most programs reported similar GPA thresholds (2.0 to 3.0). These discrepancies underscored the limitations of the dataset in capturing the full scope of factors likely influencing teacher preparation program success.
Conclusions and Limitations
	Our study directly addressed the substantive problem of the preservice teacher shortage while contributing to a broader methodological need in the agricultural teacher education research field by using path analysis to interpret the large-scale Title II Report dataset. Our study was limited in several respects. First, using self-reported data and focusing on fewer than a quarter of TPPs in the United States reduced the generalizability of our results. Because several theoretically essential characteristics (e.g., curriculum design, program coherence, and mentorship quality) were omitted from the dataset and subsequent analysis, we are left to question the scope of the influential TPP characteristics. Additionally, we found missing data for all variables across numerous reporting institutions; however, the missing values were not associated with any other variables (Rubin, 1976). Our use of list-wise deletion accounted for this. Second, there was potential for ecological error in our study. While many of the characteristics theorized in the literature, such as mentorship quality, faculty relationships, and GPA effects, operate at the individual student level, the Title II Report dataset was aggregated at the program level. As a result, the relationships observed in our analysis may not have directly reflected the causal pathways occurring for individual preservice teachers. This mismatch between levels of analysis is a common limitation in studies relying on administrative data (Harron et al., 2017; Robinson, 1950). Still, program-level analyses like ours are useful for identifying broader patterns to inform institutional and policy decisions (Kline, 2022). Third, the 2023 Title II Report used frequency counts of program completers rather than completion rates. While our model showed programs with more faculty, mentor teachers, and enrollment had more program completers, it did not account for the proportion of enrolled preservice teachers who completed the program. This was an issue and an oversight because it is logical to expect larger programs to yield more graduates simply by virtue of their size, yet this does not mean they are more effective at producing preservice teachers. Future research must incorporate completion rates to better assess program efficiency and success.
Though the 2023 Title II Report data included the broad strokes and key features of programs, it was obvious the data in our analysis did not tell the entire story of teacher preparation program completion. Future research using more diversified data could support the modeling of latent constructs through structural equation modeling to clarify this study’s limitations. We found program capacity and mentoring structures in the United States and its jurisdictions were significantly associated (p < 0.05) with the number of TPP completers through direct and indirect pathways. Our results suggested teacher education reform must remain at the forefront of the agendas of teacher educators and policymakers. These groups should heed this study’s findings and invest in expanding and bolstering TPP infrastructure and faculty capacity to enhance program effectiveness and address the ongoing teacher shortage crisis. 
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