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1. Executive Summary 

Since the COVID-19 pandemic, teacher turnover in Tennessee has risen dramatically, reaching 15.9% in 2023-24, 
the highest rate ever recorded in the state (Tennessee Department of Education [TDOE], 2025a). While turnover partially 
recovered to 14.8% in 2024-25, it remains 35% above pre-pandemic levels and exceeds the national increase of 
approximately two percentage points over the same period (National Center for Education Statistics, 2023). When teachers 
leave, students lose instructional continuity and schools lose institutional knowledge, with replacements often being less 
experienced or poorly matched to a school's needs (Ronfeldt et al., 2013). A 22% national decline in teacher preparation 
enrollment has significantly reduced the pipeline for teacher replacement, amplifying the consequences of each departure 
(American Association of Colleges for Teacher Education, 2022). This report applies the actuarial process to model teacher 
turnover as a quantifiable risk to K-12 student learning outcomes in Tennessee, measured by the Tennessee Comprehensive 
Assessment Program (TCAP) proficiency rate. 

Nearly one million students across 147 districts are potentially affected, but the risk is concentrated among certain 
districts and student groups, with approximately 80% of students attending districts with turnover rates above 12%, the 
threshold at which turnover becomes associated with lower proficiency, based on our statistical analysis. The burden falls 
disproportionately on economically disadvantaged and minority students, with the highest-turnover districts serving two to 
three times the share of Black, Hispanic, and Native American students compared to the most stable districts (TDOE, 2025b). 
Beyond students, school districts bear an estimated $153 million annually in direct teacher replacement costs, of which 
approximately $35 million is attributable to excess turnover above the threshold (Learning Policy Institute, 2017; Milanowski 
& Odden, 2007). The state and its taxpayers absorb these costs through higher per-pupil expenditures, while the larger 
economy is affected through reduced lifetime earnings of students who receive a less stable education (Hanushek, 2011). 

We assembled 39 datasets from the TDOE containing over 200,000 records, including eight years of retention data, 
seven years of TCAP results, six years of educator survey data and supplementary profile, staffing, and expenditure files 
(TDOE, 2019, 2025a, 2025b). Using this data, we built eight interconnected models, including a panel regression to establish 
the turnover-proficiency relationship, a survey analysis to identify which working conditions drive turnover, a mediation 
analysis to test causal pathways, a time-trend and tier classification model to track turnover dynamics, a population-scaling 
model to translate district findings to the state level, a 10,000-iteration Monte Carlo simulation to quantify the full 
distribution of projected losses, a six-scenario analysis to characterize the range of plausible futures, and a cost-benefit model 
to evaluate specific intervention strategies. 

Our analysis reveals that turnover below 12% has no detectable association with proficiency, consistent with 
research showing that some turnover is healthy (James & Wyckoff, 2020; Holme et al., 2018). Above this threshold, excess 
turnover is associated with statistically significant declines in district proficiency after controlling for poverty. This 
association was absent before the pandemic and emerged only afterward, suggesting it could reflect degraded replacement 
quality rather than an intrinsic feature of turnover (Papay et al., 2017). School climate is the strongest predictor of turnover, 
but the vast majority of climate's benefit to students operates through direct improvements in teaching quality rather than 
through turnover reduction (Preacher & Hayes, 2008). Under our baseline projection, the median annual loss is 
approximately 737,000 Student-Proficiency-Points, with six-year cumulative losses ranging from under 500,000 to over 22 
million across scenarios, representing annual economic impacts in the billions of dollars in lifetime earnings. The turnover-
proficiency coefficient is the dominant source of this uncertainty, along with the question of whether the post-pandemic 
relationship persists or fades, and this remains an important consideration for policymakers in the Tennessee state 
government.  

We recommend a phased strategy. First, in 2026-27, target Metro Nashville (78,000 students) and twelve Tier 4 
crisis districts (12,000 students) with retention bonuses, mentoring, and leadership coaching. Second, in 2027-28, implement 
statewide working-conditions improvements that benefit students through direct pathways regardless of their effect on 
turnover. Third, establish an adaptive monitoring structure using the educator survey item "I would recommend this school to 
parents" as a leading indicator. Explicit decision rules for expanding or scaling back interventions can occur as new data 
arrives. All strategies produce large benefit-cost ratios, ranging from 16:1 to 93:1 even under conservative assumptions 
(Springer et al., 2016; Guarino et al., 2006), and the combined package costs $103.5 million per year, representing less than 
one percent of Tennessee's K-12 spending. 
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2. Introduction and Background Information 
2.1 Problem Statement 

Teacher turnover in the United States has risen sharply since the COVID-19 pandemic. A nationally representative 
RAND Corporation survey found that over 40% of teachers considered leaving the profession between 2021 and 2023 
(Steiner & Woo, 2021). In Tennessee, statewide teacher retention fell from approximately 89% in 2018-19 to 84.1% in 2023-
24 before partially recovering to 85.2% in 2024-25, representing a sustained and unprecedented decline in teacher workforce 
stability across the state's public school system (Tennessee Department of Education [TDOE], 2025a). Retention is the 
complement of turnover.  

Not all turnover is harmful. Some degree of teacher turnover is a natural and beneficial characteristic of the teacher 
workforce, creating productive matches between educators and institutions, introducing fresh perspectives, and removing 
ineffective educators (James & Wyckoff, 2020). Holme et al. (2024) distinguished "healthy turnover," which is temporary 
and episodic, from "chronic turnover," which is persistent and structural, and found that 65 to 74% of schools experience 
only temporary episodes and recover without lasting harm. The risk emerges when turnover exceeds a natural baseline and 
becomes chronic, overwhelming a district's capacity to recruit qualified replacements. Research suggests that turnover rates 
above approximately 10 to 15% typically mark the transition from neutral to harmful (Holme et al., 2018), and Tennessee's 
current statewide rate of 14.8% places the state near this critical range. 

The formal problem statement guiding this report is: Over the next several years, how will Tennessee's elevated and 
rising teacher turnover rate, currently resulting in approximately 10,000 of the state's 67,000 public school teachers leaving 
their positions each year, affect K-12 student academic outcomes as measured by the Tennessee Comprehensive Assessment 
Program (TCAP), and how do these risks differ across districts serving higher concentrations of economically disadvantaged 
students, and what risk mitigation strategies can be provided to the Tennessee state government to reduce future losses? Our 
problem statement identifies the following 3 key components in detail: 

The risk and what causes it: This report models teacher turnover as a quantifiable risk to K-12 student academic 
outcomes in Tennessee. The actuarial perspective defines risk as the chance that an undesirable event will occur within a 
specified period, producing a measurable loss. In this context, the undesirable event is teacher departure from a school 
district, and the measurable losses include reduced student proficiency on state assessments, direct financial costs of 
recruiting and training replacements, and diminished lifetime earnings for affected students (Sorensen & Ladd, 2020; 
Hanushek, 2011). Several factors drive teacher turnover. Inadequate compensation is a primary contributor, as teachers in the 
lowest-paying districts leave at significantly higher rates (Carver-Thomas & Darling-Hammond, 2019). Poor school climate 
and weak administrative support also play a central role. Nationally, teachers who report dissatisfaction with working 
conditions are more than twice as likely to leave their positions within two years (Kraft et al., 2016). A shrinking teacher 
preparation pathway further compounds this issue, as a 22% national decline in preparation program enrollment since 2010 
means that each departure is now harder to fill with an equally qualified replacement (American Association of Colleges for 
Teacher Education, 2022). 

Who is at risk: Tennessee's nearly one million K-12 public school students across 147 districts are affected by the 
academic consequences of excess turnover (TDOE, 2025b). However, the risk is not distributed evenly. Nationally, Title I 
schools, which are schools receiving federal funding under Title I of the Elementary and Secondary Education Act due to 
high percentages of low-income students, experience approximately 50% higher turnover than non-Title I schools, placing 
their students at elevated risk of learning disruption (Learning Policy Institute, 2017). In Tennessee, economically 
disadvantaged students and Black, Hispanic, and Native American students are concentrated in the districts with the highest 
turnover rates, meaning these populations face compounded effects from both socioeconomic disadvantages and workforce 
instability (TDOE, 2025c; Sorensen & Ladd, 2020). School districts are responsible for direct financial replacement costs, 
and the state's taxpayers absorb these costs through higher per-pupil expenditures. Over time, reduced academic outcomes 
can result in diminished lifetime earnings for affected students, lower tax revenues, and higher public expenditures on social 
services and remediation (Chetty et al., 2014). This persistent workforce instability also undermines school climate and 
increases disciplinary incidents, further disrupting learning and spreading downstream costs to the larger civic and economic 
structure of the state (Redding & Rodriguez, 2025). Therefore, teacher turnover extends beyond a district-level staffing 
problem and into a statewide economic and social risk. 

Risk Mitigation Concepts: This report evaluates risk mitigation strategies across all three categories identified in 
the Actuarial Process Guide. First, behavior change strategies aim to reduce the likelihood that teachers leave by improving 
school climate, working conditions, and administrative support. Second, modifying outcomes strategies aim to reduce the 
severity of academic harm when departures do occur through targeted resource allocation, intensive mentoring for 
replacement teachers, and leadership coaching in high-risk districts. Third, risk transfer or insurance strategies are limited for 
educational outcomes because one cannot purchase insurance against academic loss. However, one approach to risk transfer 
is through state-funded "stability grants" that shift the financial burden of the consequences of turnover from individual 
districts to the state, which can pool the risk across its entire school system more efficiently. Additionally, replacement cost 
savings created by successful retention programs can function as a hedge, reducing the direct fiscal exposure that districts 
must cover when teachers depart. The primary audience for these recommendations is the Tennessee Department of 
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Education and district-level superintendents who control staffing and resource allocation decisions. The Tennessee General 
Assembly serves as a secondary audience because it controls education funding through the Tennessee Investment in Student 
Achievement formula. 
2.2 Size and Scope 

Tennessee employs approximately 67,000 public school teachers serving 962,000 students across 147 school 
districts (National Center for Education Statistics, 2024). The state's K-12 public schools receive over $9 billion in combined 
state and local funding annually under the Tennessee Investment in Student Achievement (TISA) formula, which replaced 
the 30-year-old Basic Education Program and included an additional $1 billion in recurring state funding beginning in 2023-
24 (TDOE, 2026). Teacher salaries represent the largest single expenditure category, with the average Tennessee teacher 
earning $54,552, ranking 38th nationally (National Education Association, 2024). 

With a statewide retention rate of 85.2% in 2024-25, roughly 10,000 of Tennessee's 67,000 teachers leave their 
positions each year (TDOE, 2025a). Teacher retention was relatively stable from 2017-18 through 2019-20 at approximately 
89 to 90%, implying a baseline turnover rate of 10 to 11% that was consistent with national averages and produced no 
documented harm to student outcomes (TDOE, 2019). Beginning in 2020-21, turnover rose sharply, reaching 15.9% in 2023-
24, a 46% increase over the pre-pandemic baseline and the highest rate ever recorded in the state's Education Information 
System. While the 2024-25 rate partially recovered to 14.8%, it remains 35% above pre-pandemic levels. Figure 6 (later in 
this paper) illustrates this trend across the full eight-year observation window. 

This increase occurred nationally but was notably more severe in Tennessee. Across the nation, teacher turnover 
rose by approximately two percentage points following the pandemic (National Center for Education Statistics, 2023). 
Tennessee's increase was roughly five percentage points, more than double the national average, suggesting that state-specific 
factors such as compensation levels, rural district isolation, and labor market relationships may have magnified the national 
trend. By comparison, states that rank among the highest in teacher compensation have experienced smaller and more 
temporary increases in attrition (Carver-Thomas & Darling-Hammond, 2019). Tennessee's lower ranking in average teacher 
salary (38th nationally) may contribute to its disproportionate vulnerability. 

The pathway to replace departing teachers is simultaneously shrinking. Enrollment in teacher preparation programs 
has declined 22% nationally since 2010, and Tennessee has not been exempt from this trend (Title II, 2024). The intersection 
of rising departures and a contracting pipeline creates a labor market dynamic in which each departure is harder to fill with an 
equally qualified replacement. This significantly increases the academic consequences of turnover beyond what patterns 
would predict. 

The financial scope of this problem is also large. Using size-adjusted replacement cost estimates that account for 
differences in district scale, ranging from approximately $11,860 per teacher in small districts to $24,930 in large districts 
such as Metro Nashville (Learning Policy Institute, 2017; Milanowski & Odden, 2007), Tennessee's approximately 10,000 
annual departures cost an estimated $153 million per year in direct expenses. This figure does not include the indirect costs of 
reduced student achievement, which research estimates are substantially larger than direct replacement costs (Sorensen & 
Ladd, 2020). 

Tennessee is uniquely positioned to conduct this analysis, as the state pioneered the Tennessee Value-Added 
Assessment System (TVAAS), one of the nation's first statewide student growth models, which established that teacher 
effectiveness is the single largest school-based factor in student achievement (Sanders & Horn, 1998). The Tennessee 
Comprehensive Assessment Program (TCAP) measures student proficiency across all K-12 grades and subjects, and the 
TDOE publishes annual datasets on teacher retention, educator survey responses, school demographics, and student 
outcomes, providing the data necessary for an actuarial analysis of teacher turnover risk. 
  

7



Team #23348 — Modeling Teacher Turnover Risk in Tennessee 

 6

3. Data Methodology 
3.1 Data Identification and Collection 

Our analysis integrates 39 total datasets from the Tennessee Department of Education (TDOE), organized into three 
categories: data to characterize potential outcomes, data to define frequency, and data to define severity. Table 1 summarizes 
the core datasets, their sources, years and scope covered, and role in the model. More specifically, the 39 files are grouped 
into five data families: 

1. Teacher Retention Files (8 files), used to measure the frequency of teacher turnover  
2. District Assessment Files (6 files), used to measure the severity of loss through student proficiency outcomes  
3. Educator Survey Files (9 files), used to characterize school climate, leadership, and instructional support  
4. School Profile Files (8 files), used to characterize district and school demographic context  
5. Membership Files (8 files), used to define the underlying population and enrollment structure used in model controls 

Across all the data families, there are thousands of district-year observations from 2018-2025.  Additional valuable 
data that was not released publicly includes each state recording teacher retention and survey files in order to increase 
generalizability across the nation. For specifically Tennessee, specific datasets detailing teacher salaries, rather than 
examining satisfaction with salary and district funding, would be extremely useful in analyzing the strength of the 
relationship between funding and teacher turnover. Similarly, collecting data at the beginning of the year, middle of the year, 
and end of the year would be useful in specifically determining how the timing of a teacher absence affects student outcomes. 
District operational budgets, including spending on recruitment, professional development, and mentoring programs, would 
enable more precise cost-benefit estimations if made available. Table 1 displays the data provided and used. The Tennessee 
Department of Education was considered an extremely credible source for data collection, due to their government agency 
classification and rigor in collection methods. 
Table 1. Core Datasets Used in the Models:  

 
3.1.1 Teacher Retention Data (Frequency) 

The primary outcome for Models 2-4 and the primary predictor for Models 1 and 5-8 is teacher turnover. This rate is 
derived as 100 minus the TDOE-reported percentage retained. Retention is calculated by the TDOE from Education 
Information System administrative records. A teacher is “retained” if they remained in a teaching role in the same school, a 
different school in the same district, or a different district from year t to year t+1. Teachers who moved into non-teaching 
roles, such as coach, counselor, or administrator, are classified as not retained. This means our turnover measure captures 
both true exits from the education system and changes in role within the field. This aggregation is a known limitation, 
overestimating the loss of instruction, since coaches and counselors remain in the school building to potentially influence 
school culture, though their subject impact has changed (Boyd. et. al, 2011). The retention data is obtained from seven files 
covering 2017-2025. The panel contains 1,180 observations across 150 unique districts. Tennessee has 147 school districts. 
Some administrative datasets include 150 district-level entities because they also count special or state-operated systems. For 
example, the file labeled “2017-18” measures retention from the 2017-2018 school year into 2018-2019, meaning it captures 
departures changes in staff from the fall of 2017 to the fall of 2018, accounting for any new hires or new departures during 
the summer of 2018. 
3.1.2 Assessment Data (Severity) 

Student outcomes are measured using the Tennessee Comprehensive Assessment Program (TCAP) proficiency rate, 
defined as the percentage of tested students scoring “Met Expectations” or “Exceeded Expectations” on the state assessment. 
TCAP is administered annually in spring in grades 3-8 and as an end-of-course exam for high school subjects. Although other 
measures are not restricted by grade level, they are measured at the district-year level, similar to assessment data, and it 
remains statistically valid to examine their association as a system-level relationship rather than a grade-specific causal effect. 
Prior research shows teacher turnover can depress achievement even for students whose own teacher did not leave, 
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supporting the plausibility of district-wide staffing stability spilling over into learning outcomes for all grades (Ronfeldt et 
al., 2013). We use the combined ELA and Math average proficiency rate as our outcome variable, in line with common 
practice set by previous Tennessee education research (Papay and Kraft, 2015). Six assessment files cover 2018 through 
2025, with 2019-2020 missing due to the federal COVID-19 assessment waiver. Therefore, analysis from teacher turnover 
from the previous year and its impact on assessment data was not measured for that specific year. Privacy-focused 
suppression was used by TDOE when publishing the data, removing cells with fewer than a minimum 5 students. This 
limitation of the dataset results in non-random alterations to the data, disproportionately affecting smaller districts and small 
subgroups. Tennessee standards were updated in 2017-2018 with the transition to TN Ready, the state-mandated testing 
program and a component of TCAP, making data prior to the 2018 school year unsuitable to compare. Therefore, all analyses 
are restricted to post-2018. 
3.1.3 Educator Survey Data (Characterization) 

The Tennessee Educator Survey, administered in February-April each year by the TDOE and analyzed by the 
Tennessee Education Research Alliance (TERA) at Vanderbilt University, provides district-level data for perceived school 
climate, leadership quality, and instructional support (TERA, 2025). These responses were based on a Likert scale of 4 points 
(1 = Strongly Disagree, 4 = Strongly Agree). District scores are computed as the mean Likert response of all teachers 
surveyed. Participation in this survey is voluntary, and the statewide response rate declined from nearly 75% in 2020-2021 to 
69% in 2024-2025. This creates potential voluntary response bias. If the most dissatisfied teachers are the least likely to 
respond, we underestimate the connection between climate and turnover. If the most dissatisfied are the most vocal, we 
overestimate. Therefore, we treat survey scores as measures of perceived, rather than objective, conditions and interpret all 
results accordingly. 
3.1.4 Membership Data (Characterization) 

Student enrollment is measured using the TDOE Membership File, which reports October 1st enrollment for each 
school year. The Membership File is released at the school level and disaggregates enrollment by grade level, gender, and 
race/ethnicity that align with the district-year unit of analysis used in the regression. Because membership is a point-in-time 
count, it may not fully capture mid-year mobility or later re-enrollment patterns; therefore, enrollment-based controls derived 
from membership should be interpreted as baseline population composition rather than total annual participation. 
3.1.5 School/District Profile Data (Population) 

District and school characteristics used the TDOE Profile Data Files, which provide district and school names 
(where applicable), counts of students by key demographic classifications, and was also measured on October 1st. This data 
provided counts for multipliers of effects, which the proportions from the membership data did not contain. 
3.2 Data Reliability and Preparation 

Data credibility varies by source. Retention data was determined to have high reliability because the Education 
Information System tracks individual teachers by state license number, capturing career movement accurately (TDOE, 
2025a). Assessment data has high reliability for measuring what it captures (percent of tested students above a fixed cut 
score) but is limited by participation rate variation, especially in 2020-21, the first post-COVID testing year (Koretz, 2008). 
Survey data has moderate reliability at the district level due to voluntary response bias and variable participation rates. 
Poverty measurement is moderate due to inflation from Community Eligibility Provision (CEP) schools, which report 100% 
economically disadvantaged regardless of individual income distribution (Hoffman, 2012). Table 2 displays the data cleaning 
procedures done to each data set, along with the rationale for each decision.  

 

 

Table 2: Data Cleaning Procedures
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3.3 Exploratory Data Analysis 
Before fitting regression models, we examined the distribution of the primary predictor variable (turnover) to inform 

modeling decisions and verify data quality. Figure 2 presents two exploratory visualizations. 

 
Figure 2. Left: Distribution of district turnover rates across all years (N = 1,180 district-year observations). The 

distribution is right-skewed (mean = 12.56% > median = 11.55%), with a long tail of high-turnover districts extending 
beyond 40%. The dashed red line indicates the 12% threshold used in the piecewise regression. Right: Box plots of turnover 
by retention year showing the upward trend and increasing variance over time, with the 2023-24 spike clearly visible. 

The right-skew in turnover reflects the long tail of high-turnover districts and informs our choice of log-normal 
distributions in the Monte Carlo simulation (Model 6). The box plots reveal that not only has the central tendency of turnover 
increased over time, but the interquartile range has widened, meaning that the distribution of turnover across districts has 
become more unequal. This increasing dispersion supports our tier-based classification approach in Model 4. 

The final merged panel for Model 1 contains 857 district-year observations across 147 districts and 6 assessment 
years (2019, 2021-2025), matched with their corresponding retention files using a verified one-year lag (Retention(t) → 
Assessment(t+1)). Mean proficiency across the panel is 36.84% (SD = 11.33), mean poverty is 30.98% (SD = 10.89), and 
mean turnover is 12.26% (SD = 6.38). The correlation between poverty and turnover is r = 0.20, confirming that while 
related, these variables are not collinear, and their individual effects can be identified. 
3.4 Software and Open-Source Libraries Used 

All analysis was conducted in Python 3 using open-source, nonproprietary packages. Pandas and NumPy handled 
data processing and numerical computation. Statsmodels performed all regression analyses, including pooled OLS, piecewise 
threshold, and district fixed effects specifications, while SciPy provided statistical testing and bootstrap inference for the 
mediation analysis. All figures were produced with Matplotlib and Seaborn. Code and outputs are available in our GitHub 
repository (see Appendix 1). 
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4. Mathematics Methodology 

 
4.0 Model Framework Overview 

We created eight mathematical models that do the following: quantifying the risk (Model 1), identifying 

upstream drivers (Model 2), testing the causal pathway structure (Model 3), characterizing frequency and 

population exposure (Models 4–5), quantifying distributional uncertainty (Models 6–7), and evaluating mitigation 

strategies (Model 8). Each model receives verified parameters from upstream models and produces outputs 

consumed downstream, with the coefficient from Model 1 serving as the most consequential single parameter in 

the framework. 

The framework is responsive to trends and changes over time. Model 1 includes year-by-year coefficient 

decomposition, Model 2 tests stability across six survey years, Model 4 documents an eight-year time series, and 

Models 6–7 propagate trend uncertainty into forward projections. Each model includes an assumptions audit so 

that the logic, limitations, and uncertainty of the framework remain explicit. 

 
4.1 Model 1: Risk Establishment (Panel Regression) 

 

Research Question: After controlling for poverty, is higher teacher turnover associated with lower 

student proficiency in Tennessee, and is that association stable across years? 

4.1.1 Temporal Alignment and Lag Justification 

 

The correct temporal pairing of retention and assessment data is foundational to the entire analysis. The 

Tennessee Department of Education retention file labeled year t records teachers who were present in year 𝑡 and 

measures whether they returned in year 𝑡 + 1. A teacher departing after the 2017–18 school year appears in the 

2017–18 retention file, but that departure is experienced by students beginning in fall 2018, with the effect 

captured by the spring 2019 TCAP assessment. Therefore, the correct pairing is Retention(𝑡) → 
Assessment(𝑡 + 1), a one-year lag. 

This choice is verified against the Tennessee Department of Education’s published statement that 
“Tennessee retained 90 percent of teachers from 2017–18 to 2018–19,” which matches the 90.9% statewide 
retention rate in the 2017–18 file. The one-year lag is also supported by prior research. Ronfeldt et al. use the 

same structure, reasoning that students in the current academic year are taught by the workforce that arrived after 

the previous summer’s turnover. Gibbons et al. provide evidence that the performance penalty from teacher 
replacement is concentrated in the first year after turnover, supporting a one-year rather than multi-year lag. 

Holme et al. distinguish acute turnover effects from chronic effects, finding that the acute effect is substantially 

larger. 

We used one-year lag because its best fits with the data and current research. Although multi-year 

cumulative turnover could also be used, measuring values would need significantly more data. 
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4.1.2 Model Specifications 

 

We estimate four specifications of increasing complexity. 

Model 1A (Year-by-Year Replication): Proficiencyi = βO + β1(Povertyi) + β2(Turnoveri) + εi 

estimated independently for each of six assessment years. This is the “make-or-break” test: if the association is 

structural, it should appear consistently. 

Model 1B: Proficiencyi,t = βO + β1(Povertyi,t) + β2(Turnoveri,t) + γt + εi,t with year fixed effects 

(𝛾t) absorbing statewide shocks and standard errors clustered by district to correct for within-district serial 

correlation. 

Model 1C: Proficiencyi,t = βO + β1(Poverty 
 

i,t ) + β2 (Turnover 
 

i,t 

+ − 12) + γt + εi,t where (𝑥)+ = 

max(𝑥, 0). The threshold 𝑇∗ = 12% was selected by testing a grid of thresholds (8%, 10%, 12%, 15%) and 

selecting the value that minimized the residual sum of squares, consistent with Tennessee’s historical baseline 

turnover and with the idea that turnover above a natural baseline may be more harmful. 

Model 1D (Quadratic): Proficiencyi,t = βO + β1(Povertyi,t) + β2(Turnoveri,t) + β3(Turnover2 ) + γt + εi,t testing for curvilinear effects. 

4.1.3 Why Not All Turnover Is Harmful: The Threshold Justification 

 

The idea that the amount of turnover over a threshold is an accurate measure of risk is supported by 

evidence. Teacher turnover can be useful by bringing in new ideas and finding the best schools for teachers. 

Holme et al. says that the difference between “healthy turnover” from “chronic turnover” is that most schools 
experience temporary periods of turnover and recover after. Tennessee’s retention rate at around 90% means a 

baseline turnover rate at around 10%, which may not be apparently alarming. 

Our threshold search confirms that the piecewise model with 𝑇 = 12%fits better than the linear 

specification. The below-threshold coefficient is statistically non-significant, while the above-threshold 

coefficient is significant, consistent with the hypothesis that only excess turnover is meaningfully harmful. 

 

Figure 3. Year-by-Year Turnover Coefficients with 95% Confidence Intervals. In 2019 (pre-COVID), 𝛽 = +0.083 (ns). The negative 

association emerges post-COVID, peaking in 2021 (𝛽 = -0.508) and diminishing by 2025 (𝛽 = -0.191, ns). 
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Figure 4. Piecewise Threshold: Proficiency vs. Turnover with Binned Means. Below 12%, the slope is essentially zero (𝛽 = -0.091, ns). 

Above 12%, each percentage point of excess turnover is associated with 0.333 points lower proficiency (p = .027). 

 

4.1.4 Results 

Table 3. Model 1 Specification Comparison 

 

Specification β (Turnover) SE p R² Interpretation 

Pooled panel + year 

FE 

-0.273 0.109 .012 .467 1pp increase = 

0.27pp lower 

proficiency 

+ Log(enrollment) -0.270 0.108 .012 .469 District size adds 

nothing (p = .519) 

Piecewise (above 

12%) 

-0.333 0.150 .027 .468 Only excess above 

T* is significant 

Piecewise (below 

12%) 

-0.091 0.191 .636 .468 Below-threshold: 

no detectable effect 

District fixed 

effects 

+0.072 0.037 .054 .074 Within-district: no 

negative effect 

Quadratic -0.460 (lin) -- .022 (quad) .471 Nonlinearity 

confirmed 

 

The pooled panel estimate (𝛽2 = −0.273, 𝑝 = .012) indicates that, on average, a 1 percentage point 

increase in turnover is associated with a 0.273 percentage point decrease in proficiency. Adding log(enrollment) 

changes the coefficient negligibly (−0.270, 𝑝 = .012) and the log(enrollment) term itself is non-significant (𝑝 = 

.519), indicating that district size adds little explanatory value once poverty and turnover are included. 

 

The year-by-year decomposition is the most important robustness test. In 2019, 𝛽 = +0.083(𝑝 = 0.451), 

showing no association between turnover and proficiency before COVID. The negative association emerges post-

COVID, peaking in 2021 at 𝛽 = −0.508, and gradually diminishing by 2025 to 𝛽 = −0.191(𝑝 = .635). This 

temporal instability is the dominant source of uncertainty in all forward projections. It suggests that the observed 

turnover–proficiency association is context-dependent rather than fully structural. 



Team #23348 — Modeling Teacher Turnover Risk in Tennessee 

12 

 

 

 
 

The piecewise aspect of the model allows flexibility. Below 12% turnover, the slope is essentially zero (𝛽 = −0.091, 𝑝 = .636). Above 12%, each percentage point of excess turnover is associated with a 0.333 point drop in 

proficiency (𝑝 = .027). That pattern is consistent with the idea that moderate amounts of turnover may be 

manageable, while turnover above the threshold becomes harmful after districts move above a critical level. 

The district fixed-effects part of the model (𝛽 = +0.072, 𝑝 = .054) shows that changes in turnover 

within a district does not predict proficiency changes in the same way as the pooled panel. This suggests that 

the cross-sectional association is mostly caused by continued differences between districts rather than by 

temporary changes within districts. Districts with chronically high turnover also tend to have chronically low 

proficiency, mostly likely due to shared underlying conditions such as rural isolation, poverty concentration, 

or historical underinvestment. So, the pooled estimate should be understood as an association rather than a 

causation. 

The quadratic model confirms nonlinearity (𝑝 = .022 on the quadratic term), but the threshold model is 

easier to interpret and aligns better with the observed pattern. 

4.1.5 Assumptions and Their Consequences 

 

The main assumptions are: correct temporal alignment of turnover and proficiency, district-clustered 

standard errors are appropriate, year fixed effects absorb statewide shocks, poverty is the primary observed 

confounder, district-level aggregation is acceptable, and TCAP proficiency is a valid outcome measure. All 

departures are treated equally in the district turnover measure, even though the true effect of losing a highly 

effective veteran teacher may differ from losing a short-tenure teacher. 

If the one-year lag is wrong, the estimates could be biased by is the cause and the effect or not accounting 

for an important variable that could have been considered. If important external factors are omitted, the 

coefficient may reflect shared underlying conditions rather than a direct turnover effect. If district-level 

aggregation masks school-level variation, the true effect may be more uneven than estimated here. 

4.1.6 Table 4: Assumptions Audit 

 

Assumption Justification Interpretation 

Retention(𝑡) → 
Assessment(𝑡 + 1), 

Verified against TDOE retention reporting; teachers leave in 

summer and students are assessed the following spring 

Same-year pairing would introduce 

reverse causality and timing bias 

Threshold structure above 12% Piecewise fit is stronger than linear fit; below-threshold 

effect is non-significant 

Could overstate harm below the 

threshold or understate harm above it 

Poverty is primary 

confounder 

Strongest observed correlate of both turnover and 

proficiency 

Omitted variables could bias turnover 

coefficient 

No reverse causality Turnover is measured before the outcome Prior proficiency may affect future 

turnover 

District-level 

aggregation is 

acceptable 

Data are available at district level True school-level effects may be 

stronger 

TCAP proficiency is valid Tennessee’s primary accountability outcome Binary proficiency simplifies a continuous 

score 

Clustered SEs are appropriate Repeated district observations require clustering Significance could be overstated if 

clustering is inadequate 
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Year FE absorb statewide 

shocks 

COVID, standards, and testing changes affect all districts District-specific shocks would remain 

unmodeled 

All departures are treated 

equally 

Data do not identify teacher type True effects are heterogeneous 

Missing data is non-informative Most district-years retained Small districts may be underrepresented 

Taken together, these results show that turnover is best understood as an optional risk factor rather than a 

universal causal effect. The negative association with proficiency is not constant over all years or specifications. 

It shows up in post-COVID conditions and in districts exceeding the 12% threshold. Below this threshold and 

within districts over time, the relationship becomes more weak, showing that turnover mostly signals higher risk 

under certain conditions rather than being a uniform over all districts. 

 

4.2 Model 2: Driver Identification (Survey Panel) 

 

Research Question: What working conditions predict teacher turnover, with what consistency over time, 

and with what predictive accuracy? 

Model Structure: Model 2 uses five years of educator survey data and retention files to test whether 

district-level climate, leadership, and support scores help predict turnover after taking into account for poverty, 

district size, and year effects. The original specification both used climate and leadership, but those variables are 

highly correlated, increasing the standard error measures. The corrected analysis uses a regression that is over a 

single domain rather than over combined data. 

The main understanding is that the model finds which working-condition domains are associated with 

turnover and whether those associations are consistent over the years. 

 

 

 
Figure 5. Single-Domain Survey Scores vs. Turnover (Pooled Across All Years). Climate shows the strongest negative association (r = - 

0.215, p < .001). 

Results: The revised single-domain regressions show that all three domains significantly predict turnover: 

• Climate: 𝛽 = −11.592, 𝑝 < .001 

• Leadership: 𝛽 = −6.956, 𝑝 = .005 

• Support: 𝛽 = −5.786, 𝑝 = .025 

A 1-SD improvement in climate (0.144 Likert points) is associated with 1.67 percentage points lower 
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turnover. Climate is the strongest predictor, with a pooled correlation of 𝑟 = −0.215(𝑝 < .001). 

The temporal instability is substantial. The climate coefficient ranges from -1.4 in 2020–21 to -23.5 in 

2023–24, a 17-fold variation. This means the working-conditions coefficients are not stable structural parameters. 

They are better understood as time-sensitive associations that shift with context. 

The cross-validation process excluded a year. It yielded a sample average of 𝑅2 = −0.130, meaning 

the model predicts more worse than simply guessing the mean turnover rate. This shows it is not useful for 

forecasting, but not as an instrument for monitoring turnover rate. The most reliable predictor is TC_01d, “I 
would recommend this school to parents,” which explains 12.0% of turnover variance (𝑟 = −0.346). 

Assumptions and Consequences: Model 2 assumes survey responses are taken with the same methods 

over the years. It also assumes that district averages represent working conditions accurately and the observed 

domains represent the most accurate variation relevant to turnover. Because survey domains are correlated, the 

coefficients should be understood as partial relationships instead of an independent causal effect. The weak cross-

validated performance for prediction means the model should be used more for monitoring instead of exact 

forecasting. 

4.3 Model 3: Causal Chain (Mediation) 

 

Research Question: To what extent does turnover explain the association between working conditions 

and proficiency? 

Method and Results: We analyzed 617 observations to see if employee turnover explains how 

workplace climate affects proficiency. Using data collected over three time points to establish a mediation series: 

Survey(spring t) → Turnover(summer t) → Proficiency(spring t + 1). 

The mediation series is supported at  

each link: 

• Path a: better climate predicts less 

turnover, 𝛽 = −11.501, 𝑝 < .001 

• Path b: less turnover is associated 

with higher proficiency, 𝛽 = −0.333, 𝑝 = .027 

• Path c: better climate predicts higher 

proficiency, 𝛽 = 26.261, 𝑝 < .001 

The  indirect  effect  through  turnover  is 

1.995, with bootstrap 95% CI [0.346, 4.720].  

This shows 7.6% of climate’s total effect,  
while 92.4% is direct effect. 

Figure 6. Decomposition of Working Conditions Effects on Proficiency. The indirect 

pathway through turnover (7.6%) is small relative to the direct pathway (92.4%), 

meaning interventions targeting working conditions benefit students through multiple 

channels. 
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Interpretation: The mediation analysis shows a possible path rather than clear-cut causation. Turnover 

appears to explain only a small portion of the association between climate and proficiency. Most of the effect is 

direct or through other paths such as instructional quality, teacher motivation, or student engagement. This is 

important because it suggests that working-condition improvements could help students even if turnover 

reduction does not explain the full story. 

Assumptions and Consequences: This model assumes there are no external factors of the mediator–
outcome relationship that it did not consider yet. This assumption cannot be proven with data, so the mediation 

result should be taken with a grain of salt. But the result is still useful because it shows the associations are 

possible and that turnover may be in a more complex system of variables. 

 
4.4 Models 4: Time Trends and Population Exposure 

 

4.4.1 Trend Analysis 

The entire 1,172 observations and 150 districts over the eight years show the increase in turnover of 

+0.608 percentage points per year (SE = 0.179, 𝑝 = .014). The post-COVID four-year trend is steeper at +1.40 

pp/year, but not statistically significant (𝑝 = .155) because the sample is smaller. The 2023–24 spike (+3.8 pp) 

was followed by a partial recovery (-1.1 pp). This makes trend-based forecasting feasible but also unstable. 

Figure 7. Statewide Turnover Trend (2017-18 to 2024-25). Shaded region shows the interquartile range for each district. The 2023-24 

peak at 15.9% is the most district turnover rate had increased to. Dotted line is the 12% threshold. 
 

 

4.4.2 Tier Classification and Persistence 

Districts are classified into four tiers using multi-year patterns: 

• Tier 1 (Stable Low): 84 districts, 362,818 students, 37.5% 
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• Tier 2 (Typical): 48 districts, 509,604 students, 52.6% 

• Tier 3 (Elevated): 6 districts including Metro Nashville, 82,315 students, 8.5% 

• Tier 4 (Chronic Crisis): 12 districts, 13,309 students, 1.4% 

Four Tier 4 districts are state-operated entities and are analyzed separately. 

Year-to-year autocorrelation is 𝑟 = 0.524(𝑝 < .001), and 47% of Tier 4 districts remain Tier 4 the following year. 

This indicates substantial persistence rather than random fluctuation. 
 

 

 

Figure 8. Forward Projection: Four Turnover Scenarios (2025-2031). Continuation uses the significant 8-year trend; Acceleration uses 

the steeper post-COVID trend; Recovery assumes gradual return to pre-COVID norms. 

Interpretation: The risk levels are is not the same in every state region. Most students are in Tier 2, but 

the districts with the most turnover are too persistent to be discarded. That persistence makes targeted intervention 

more fitting than a single action applied for the entire state alone. 

Interpretation of downstream models. All subsequent models (Models 5–8) interpret the turnover coefficient as a 

risk multiplier and not causation. The estimated SPP (Student Proficiency Points) measures the exposure under 

the observed statistical association and not causation. So, intervention benefits are expressed as expected gains 

because of the persistence of the observed relationship, and should be understood as per-scenario estimates 

rather than a clear-cut outcome. 

 
4.5 Model 5: Population Scaling 

Model Structure: Using 𝑇∗ = 12%, 776,407 students (80.2% of the state) are in districts with 

turnover levels over the treshold. The total yearly SPP at risk is 1,083,200 (point-estimate). Population exposure 

is calculated by multiplying each district’s excess turnover by its enrollment and summing statewide. 

Results and Interpretation: Tier 2 takes up 58% of statewide SPP despite moderate per-student risk 

levels. We name this the “Tier 2 Paradox.” The top three districts — Memphis-Shelby, Metro Nashville, and 

Hamilton County — account for 48% of SPP over the entire state. 
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Populations that are vulnerable have higher risks. Tier 3 and Tier have around 43–51% of its population 

that are Black, Hispanic, or Native students, compared to 19% that are that are Black, Hispanic, or Native 

student in Tier 1. The correlation between tier of turnover and demographics is 𝑟 = +0.440(𝑝 < .001), 

showing that higher-turnover tiers is partially due to having historically marginalized students. 

 

 

Figure 9. Demographic Concentration by Turnover Tier. Higher-turnover tiers serve disproportionately higher percentages of 

economically disadvantaged and minority students, indicating that turnover risk amplifies preexisting educational inequality. 

 

Assumptions and Consequences: This scaling step assumes that excess turnover affects students 

approximately proportionally within districts. That simplifies the analysis, but it is still useful because it 

distinguishes between districts with many students and districts with severe excess turnover. It also clarifies that 

the problem is not just a district-level issue but a statewide equity issue. 

 
4.6 Model 6: Distributional Risk Quantification (Monte Carlo) 

 

Simulation design: For each of 10,000 iterations: 

1. 𝛽 is drawn from a truncated normal distribution 𝑁(−0.333, 0.1502) over [0, ∞) in magnitude so that the 

harmful effect remains nonnegative in absolute terms. 

2. District turnover rates are drawn from tier-specific lognormal distributions fitted to eight years of 

historical data. 

3. Trend shift is drawn from a normal distribution 𝑁(+0.608, 0.1792). 

4. SPP  is  computed  as  excess  turnover  multiplied  by  ∣ 𝛽 ∣and  enrollment  for  each  district. 
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Figure 10. Monte Carlo Distribution of Annual SPP. The distribution is right-skewed (mean > median). The 90% prediction interval 

spans an 8-fold range, reflecting substantial uncertainty. 
 

Table 5. Monte Carlo Results (N = 10,000) 

 

Statistic Annual SPP 6-Year Cumulative SPP 

Mean 804,978 7,497,209 

Median 737,131 7,332,888 

90% Prediction Interval [211,835 to 1,641,131] [2,281,087 to 13,154,144] 

Skewness 1.14 (right-skewed)  

The distribution is right-skewed, with the mean exceeding the median. The 90% prediction interval spans 

an 8-fold range, reflecting substantial uncertainty. The turnover coefficient 𝛽explains 59.6% of simulation 

variance (𝑟 = −0.772), making it the dominant uncertainty source. The single highest-value investment for 

reducing uncertainty is additional years of post-COVID data, which would narrow the confidence interval on 𝛽. 

Assumptions and Consequences: This simulation assumes the fitted turnover distributions and the trend 

estimate are reasonable representations of future variation. It also assumes the residual uncertainty from Model 1 

is approximately captured by the error structure used in the simulation. Because the distribution is skewed, point 

estimates alone are not sufficient; the range of plausible outcomes is more informative for decision-making. 

 
4.7 Model 7: Scenario Analysis 

 

Scenario design: Six scenarios test plausible futures, each with 10,000 Monte Carlo iterations. 

Table 6. Six-Year Cumulative SPP by Scenario (2026-2031) 

 

Scenario Turnover B Assumption Median SPP 90% PI 

Optimistic Trend 50% slower Upper CI (-0.038) 688K [169K, 1.3M] 

Fade to Null 8-yr trend Near zero 444K [113K, 834K] 

Stagnation Holds at 14.8% Point est. (-0.333) 4.7M [1.4M, 8.6M] 

Baseline 8-yr trend (+0.61) Point est. (-0.333) 7.3M [2.1M, 13.2M] 

COVID Echo Baseline + spike Point est. (-0.333) 7.6M [2.3M, 13.7M] 

Pessimistic Post-COVID trend Lower CI (-0.627) 22.5M [16.4M, 29.5M] 
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Figure 11. Projected Annual SPP Under Six Scenarios (2026-2031). Shaded band shows the Baseline 90% prediction interval. 

The scenarios span a 45-fold range, driven primarily by uncertainty in whether the post-COVID association persists. 

 

 

Figure 12. Tornado Chart: Parameter Sensitivity. B at its 95% CI bounds drives +/-88% variation in cumulative SPP, dominating all other 

uncertainty sources by nearly 2:1. 

Scenario design: The six scenarios span a 45-fold range, driven primarily by uncertainty in 

whether the post-COVID association persists. The central question is not simply how much harm there is, 

but whether the turnover–proficiency relationship remains meaningful in future years. If the 2019 null 

result reflects the true structural relationship, the risk framework collapses toward near-zero estimates. If 

the post-COVID relationship is the new normal, the projected harm rises into the millions of SPP. 

The tornado analysis shows that 𝛽at its 95% CI bounds drives about ±88% variation in 
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cumulative SPP, dominating all other uncertainty sources by nearly 2:1. That makes additional post-

COVID data the most valuable next step for improving the model. 

Assumptions and Consequences: These scenarios assume that the relevant future can be 

represented by a small set of plausible turnover paths and coefficient values. That does not predict the 

future exactly; rather, it bounds the future under reasonable assumptions. This is the proper use of 

scenario analysis in an uncertain system 

4.8 Model 8: Intervention Modeling 

 

Model Structure 8: Model 8 evaluates four strategies using cost-benefit analysis with the 

Hanushek conversion of roughly $4,000–$8,000 per student per proficiency point in present-value terms. 

Tennessee currently spends an estimated $153 million annually replacing departing teachers, of which 

$35 million is attributable to excess turnover above 𝑇∗ = 12% (Learning Policy Institute, 2024). 

 

Figure 13. Benefit-Cost Ratios by Intervention Strategy. Conservative estimates use $4,000/student/pp; upper estimates use 

$8,000/student/pp. All strategies are well above the 1:1 break-even line. 
 

Figure 14. Intervention Impact Waterfall. Starting from baseline annual harm (737K SPP), each intervention reduces the total. 

The combined package recovers approximately 61% of annual excess-turnover harm. 
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Table 7. Intervention Comparison 

 

Strategy Target TO Reduction Net Cost/yr SPP Saved BCR Low BCR High 

A: Tier 4 11,839 students 15.5pp $7.5M 61,288 32.7:1 65.5:1 

B: Metro 
Nashville 

78,041 students 6.4pp $14.3M 166,321 46.6:1 93.1:1 

C: Statewide 
Climate 

603,758 students 1.67pp $81.7M 335,605 16.4:1 32.8:1 

D: Combined All above Various $103.5M 450,571 17.4:1 34.8:1 

 

 

All strategies yield benefit-cost ratios above the break-even point. Strategy B (Metro Nashville) 

offers the highest absolute SPP saved and the highest BCR because of its large affected population. 

Strategy A (Tier 4) offers the highest per-student impact and is the most equity-focused. The combined 

package costs $103.5 million per year, or about 0.8% of K–12 spending, and recovers about 61% of 

baseline harm. Aditionally, these estimates are conditional on the persistence of 𝛽. Under the Fade to Null 

scenario, benefits decrease proportionally. 

Assumptions and Consequences: The intervention model assumes the projected turnover 

reductions are plausible, the earnings conversion is reasonable, and the turnover–proficiency association 

persists sufficiently to justify translation into long-run student value. Because those assumptions are 

uncertain, the model reports ranges rather than single-point benefit estimates. 

4.9 Framework Assumptions Audit 

 

The framework relies on a set of major assumptions: correct one-year temporal alignment, 
district-level aggregation being sufficient for statewide inference, year fixed effects capturing statewide 
shocks, poverty and district controls capturing the main observed confounding structure, survey domains 
being measured consistently across years, simulation distributions reasonably reflecting historical 
behavior, and the economic conversion in Model 8 being an acceptable estimate of long-run value. 

These assumptions are not left implicit. They are checked directly through year-by-year 
decomposition, district fixed effects, threshold testing, cross-validation, Monte Carlo simulation, and 
scenario analysis. The purpose of this design is to make clear where the evidence is strong, where it is 
unstable, and where uncertainty must be carried into the final recommendations. 

4.10 Summary of the Modeling Logic 

 

Taken together, the eight models provide a layered estimate of teacher turnover risk and its 
consequences. Model 1 establishes the main empirical association, Model 2 identifies likely upstream 
drivers, Model 3 tests a possible pathway, Models 4 and 5 show how the risk evolves and where it is 
concentrated, Models 6 and 7 translate uncertainty into future distributions, and Model 8 compares 
intervention strategies under those projected conditions. This structure strengthens the analysis because it 
checks stability across years, districts, and scenarios, while explicitly carrying uncertainty into the final 
policy recommendations. Although several models evaluate predictive relationships, the main purpose of 
the framework is risk characterization rather than point prediction, so downstream projections rely on 
distributional estimates and scenario ranges rather than exact forecasts. 



5. Risk Analysis 
With the models established, the question becomes what they say about the risk Tennessee actually faces. 

We characterize that risk along the following dimensions: frequency, likelihood, severity, uncertainty, expected 
value, and distribution. The risk is real, it is concentrated in districts that are already disadvantaged, and the 
distribution of plausible outcomes skews toward the bad tail. 
5.1 Frequency 

Statewide turnover rose from 10.9% in 2017-18 to 15.9% in 2023-24, a 46% increase in six years and the 
highest rate in the history of Tennessee's Education Information System. The 8-year linear trend of +0.608 
percentage points per year is statistically significant (p = .014), and a year-over-year autocorrelation of 0.524 
confirms this is persistent risk rather than an episodic shock. Turnover eased slightly to 14.8% in 2024-25, but 
that figure still sits 35% above the pre-COVID baseline and well above the 12% threshold at which proficiency 
losses begin to appear in the data. Harm is therefore not a tail event. Roughly 776,000 students, representing 80% 
of the state's K-12 enrollment, attend districts above that threshold today, and across 10,000 Monte Carlo runs the 
probability that statewide turnover remains above 12% through 2030 exceeds 95% under the baseline trend. Even 
the optimistic Fade scenario, which assumes a return toward pre-COVID norms, leaves about half of districts 
above the threshold through 2027. The risk is also concentrated: all twelve Tier 4 districts carry a mean turnover 
of 25.9%, more than double the Tier 1 average of 9.9%, with eight of those twelve being traditional districts that 
form the primary target for Phase 1 intervention. 
5.2 Severity 

Severity is expressed in two units: academic and economic. In academic terms, the piecewise coefficient 
from Model 1C establishes that each percentage point of excess turnover above the 12% threshold is associated 
with a 0.333 percentage point decline in district proficiency (95% CI: [-0.627, -0.038], p = .027). The wide 
confidence interval reflects the dominant source of projection uncertainty, which is discussed further in Section 
5.3. At the population level, the Monte Carlo median is 737,131 Student-Proficiency-Points annually. Students in 
Tier 4 crisis districts face an estimated 2.7 proficiency points of annual loss relative to stable districts, equivalent 
to a 3 to 16% relative reduction in the probability of meeting grade-level expectations depending on starting 
proficiency. 

In economic terms, applying the Hanushek (2011) earnings conversion of $4,000 to $8,000 per student 
per proficiency point, the baseline annual SPP loss of approximately 805,000 translates to $3.2 to $6.4 billion in 
aggregate discounted lifetime earnings at risk per cohort. Direct fiscal costs add another $35 million per year 
attributable to excess turnover above the threshold, out of a total statewide teacher replacement cost of $153 
million annually (Learning Policy Institute, 2024). 

The burden is not shared equally. Metro Nashville accounts for 17.8% of statewide SPP loss, and the 
twelve Tier 4 districts together account for another 14%. Because economically disadvantaged and historically 
marginalized students are overrepresented in exactly those high-turnover districts, the severity of the risk falls 
hardest on the students with the least capacity to absorb it. 

5.3 Uncertainty Quantification 
The dominant source of uncertainty is the magnitude of β itself, not the trajectory of turnover. The 

tornado analysis from Section 4.7 makes this clear: moving β to either bound of its 95% confidence interval shifts 
projected SPP by plus or minus 88%, while plausible variation in the turnover trend shifts projections by only 
about plus or minus 25%. β accounts for 59.6% of total Monte Carlo variance. 

Three specific sources drive this uncertainty. First, temporal instability: the association was absent in 
2019 (β = +0.083, p = .451) and emerged only post-COVID, peaking in 2021 and weakening by 2025 (β = -0.191, 
p = .236). Whether the post-COVID period represents a permanent shift or a temporary disruption is the single 
most consequential question for these projections. If β fades toward zero, six-year cumulative harm falls to 
approximately 444K SPP under the Fade to Null scenario. If post-COVID patterns persist, harm exceeds 7.3M 
SPP under the baseline scenario. Second, cross-sectional versus within-district divergence: the pooled β of -0.273 
versus the district fixed-effects β of +0.072 tells us the harm we document is intertwined with structural 
disadvantages that cause both high turnover and low proficiency simultaneously. Pure turnover reduction may be 
insufficient without addressing root causes, which is why our recommendations target working conditions rather 
than turnover as an isolated variable. Third, mediation: only 7.6% of working conditions' effect on proficiency 
operates through the turnover channel. The remaining 92.4% is direct. This means recommendations that improve 
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working conditions are robust even under the Fade to Null scenario, because the direct pathway to proficiency 
remains regardless of whether turnover falls. 

We address uncertainty in three ways in this report. The Null and Fade scenarios are reported alongside 
the baseline so that decision-makers see the full range of possibilities rather than a single point estimate. The 
recommendations that follow are designed to remain favorable across that range: even at the lower bound of β, the 
benefit-cost ratios for all proposed interventions stay comfortably above break-even. And the monitoring 
framework treats β as a parameter to be re-estimated annually as new TCAP and retention data arrive, rather than 
as a fixed input. 

5.4 Expected Value and Distribution of Loss 
The Monte Carlo distribution from Model 6 (10,000 baseline iterations) gives an annual expected loss of 

804,978 SPP and a median of 737,131 SPP. The gap between mean and median reflects right-skew: a small share 
of runs combines high turnover with a strong β to produce extreme outcomes that pull the mean above the most 
likely result. The 90% prediction interval runs from 212,000 SPP at the 10th percentile to 1.64M SPP at the 90th. 
Cumulated over the six-year planning horizon, baseline losses total approximately 7.5M SPP with a 90% 
prediction interval of [2.28M, 13.15M]. Converting to economics through the Hanushek (2011) chain, annual 
expected economic loss is $3.2 to $6.4 billion in discounted lifetime earnings. 

The six alternative scenarios in Table 8 span a 45-fold range, from the Fade to Null scenario at a six-year 
cumulative median of 444K SPP to the Pessimistic scenario at 22.5M SPP. That spread reflects genuine structural 
uncertainty about which future Tennessee is heading into rather than statistical noise. Table 10 summarizes the 
full risk profile. Figure 14 shows how the prediction bands widen year over year as compounding uncertainty 
accumulates, and Figure 11 from Section 4.7 shows the tornado chart ranking β as the dominant parameter driving 
that spread. A one-sentence bridge: these projections establish the scale and shape of the problem. The section 
that follows asks what can be done about it, at what cost, and with what degree of confidence. 
Table 10. Risk Profile Summary 
Dimension Estimate Uncertainty Range 
Frequency (statewide rate) 14.8% (2024-25) Trend: +0.608 pp/yr (±0.179) 
Severity (β above threshold) −0.333 pp/pp 95% CI: [−0.627, −0.038] 
Likelihood (% students 
exposed) 

80.2% (776,407) Depends on threshold choice 

Expected annual SPP 804,978 90% PI: [212K, 1.64M] 
6-year cumulative SPP 7,324,413 (median) 90% PI: [2.28M, 13.15M] 
6-year scenario range 444K to 22.5M Fade to Null vs. Pessimistic 
Economic impact (annual) $3.2-6.4B lifetime Sensitive to earnings conversion 
Dominant uncertainty source β (59.6% of variance) ±88% impact on projection 
 

Figure 14. Year-by-year projected SPP with uncertainty bands from Monte Carlo. Widening bands 
reflect compounding uncertainty. 
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6. Recommendations

The findings from our eight interconnected models present a clear conclusion: teacher turnover above 
12% is associated with measurable harm to student proficiency, this harm is concentrated in the highest-poverty 
and highest-minority districts, and the uncertainty about whether this relationship will persist is the most 
fundamental question for Tennessee policymakers. The question is now how should policymakers act in the face 
of this uncertainty. The Actuarial Process Guide identifies three categories of risk mitigation: insurance and risk 
transfer, behavior change, and modifying outcomes (MTFC Actuarial Process Guide, 2024). Our 
recommendations address all three of these categories and are structured in a phased plan that prioritizes the 
highest-return interventions first, remains favorable across all six of our modeled scenarios, and includes a formal 
monitoring framework that allows the State to adjust the rollout of this plan as new data become available. 

The primary audience for these recommendations is the Tennessee Department of Education, which 
oversees statewide education policy and data collection, and district-level superintendents, who control local 
staffing and resource allocation decisions. The Tennessee General Assembly serves as a secondary audience 
because it controls education funding through the Tennessee Investment in Student Achievement formula. 
Ultimately, the beneficiaries are Tennessee's nearly one million K-12 students, with the greatest benefits accruing 
to the approximately 776,000 students who currently attend districts with turnover above the 12% threshold and 
who are disproportionately economically disadvantaged and minority students (TDOE, 2025b; TDOE, 2025c). 

6.1 Risk Transfer: State-Funded Stability Grants 

Educational outcomes cannot be insured in the traditional sense because proficiency loss is not a directly 
insurable concept. However, a meaningful risk transfer mechanism is available. We recommend that the 
Tennessee General Assembly establish a state-funded Stability Grant program that shifts the financial burden of 
high-turnover consequences from individual districts to the state, which can pool the risk across its entire 147-
district system more efficiently. 

Under this program, districts that experience turnover above 15% for two or more consecutive years 
would be eligible for supplemental funding to cover the direct costs of recruitment, onboarding, and mentoring for 
replacement teachers. Tennessee currently spends an estimated $153 million annually replacing departing 
teachers, of which $35 million is attributable to excess turnover above the 12% threshold (Learning Policy 
Institute, 2024). By absorbing this cost at the state level rather than requiring individual high-poverty districts to 
fund it from already strained budgets, the state prevents a reinforcing cycle in which turnover-driven costs reduce 
the resources available for the working-conditions improvements that would prevent further turnover. 

This does not eliminate the risk, but it transfers the financial exposure from the entities least able to 
absorb it to the entity best positioned to pool and manage it. This is analogous to a reinsurance arrangement in the 
property and casualty context, where catastrophic losses are ceded to a larger, more diversified entity. The 
estimated cost of this program is $8 to $12 million per year, with 31 districts from Tier 3 and Tier 4 groupings 
being eligible. This would be funded from existing TISA formula allocations rather than requiring new 
appropriations, making it feasible within the current budget structure without legislative action beyond a 
reallocation directive. 

6.2 Modifying Outcomes: Targeted Intervention in Metro Nashville and Tier 4 Districts (Phase 1, 2026-
2028) 

Our models identify two categories of districts where targeted intervention would produce the highest 
return on investment. The first is Metro Nashville Public Schools, which serves 78,041 students and has a current 
turnover rate of 19.4%. Although the per-student severity in MNPS is moderate compared to the most extreme 
districts, its large enrollment means it contributes the single largest share of absolute statewide proficiency loss, 
accounting for 17.8% of statewide SPP exposure. The second category is the eight traditional Tier 4 crisis 
districts, which carry a mean turnover of 25.9% and serve approximately 11,839 students. Note that four 
additional state-operated Tier 4 entities exist but are analyzed separately and are not included in this intervention 
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target. These eight districts have the highest per-student severity in our framework and serve populations that are 
43% to 51% minority students compared to 19% in Tier 1 districts, making this intervention necessary for both 
equity and efficiency (TDOE, 2025c). 

The benefit estimate for each strategy below combines direct SPP savings, valued using the Hanushek 
(2011) earnings conversion of $4,000 to $8,000 per student per proficiency point, with indirect replacement cost 
savings from reduced excess turnover. This two-component benefit structure is what produces the BCR ranges 
reported below. 

For Metro Nashville, we recommend a comprehensive retention and stabilization package consisting of 
three components. First, a retention bonus program offering $8,000 annual supplements to teachers in the highest-
need schools within the district, targeted based on school-level turnover data and Title I status. Research on 
retention bonuses in Tennessee specifically has demonstrated significant effects on teacher retention when 
bonuses are targeted rather than universal (Springer et al., 2016). Second, an intensive induction and mentoring 
program pairing every first- and second-year teacher with an experienced mentor in the same subject area, 
reducing the likelihood that new teachers leave during the critical early-career window when attrition is highest 
(Ingersoll and Strong, 2011). Third, a principal coaching initiative providing experienced leadership coaches to 
principals in the highest-turnover schools, because our Model 2 results show that leadership quality is the second 
strongest survey-measured predictor of turnover after school climate. Funding would draw from Tennessee's 
existing Title I allocation and TISA formula weights for high-need schools, supplemented by state discretionary 
reserves. 

Model 8 estimates the annual cost of the MNPS package at $14.3 million, with a projected turnover 
reduction of 6.4 percentage points. This translates to an estimated 166,321 Student-Proficiency-Points saved and a 
benefit-cost ratio between 46.6:1 and 93.1:1, depending on whether the conservative or upper-bound Hanushek 
earnings conversion is applied. Even under the most conservative assumptions, this intervention returns over $46 
in improved student outcomes for every $1 invested. Under the Fade to Null scenario, direct SPP benefits 
decrease proportionally, but replacement cost savings remain regardless of whether the turnover-proficiency 
association persists. 

For the eight traditional Tier 4 districts, we recommend a more intensive version of the same package, 
with retention bonuses of $13,000 per teacher broken down as $8,000 in base bonus, $3,000 in mentoring support, 
and $2,000 in rural housing assistance, reflecting the greater difficulty of recruiting to isolated, high-poverty 
districts. Funding would be allocated through state rural education grants and federal Title I supplemental funds. 
Target districts are Humboldt City (980 students), Fayette County (2,700), West Carroll (680), Richard City 
(167), and South Carroll (313). Model 8 estimates the annual cost at $7.5 million, with a projected turnover 
reduction of 15.5 percentage points and a benefit-cost ratio between 32.7:1 and 65.5:1. Although fewer students 
are affected in absolute terms, the per-student impact is the largest of any intervention we model, and the equity 
imperative is clearest here. 

The total Phase 1 cost is $21.8 million per year. To put this in context, Tennessee currently spends $35 
million per year on replacement costs attributable to excess turnover alone. The intervention costs considerably 
less than the direct fiscal cost of the problem it addresses, while producing student outcome benefits that far 
exceed replacement cost savings. Refer to Figure 12. 

 

6.3 Behavior Change: Statewide Working Conditions Initiative (Phase 2, 2028-2030) 

If the Phase 1 interventions produce measurable results as described in Section 6.4, the State should 
expand to a statewide working-conditions initiative targeting all 60 Tier 2 and Tier 3 districts. This 
recommendation is grounded in two key model findings. First, Model 2 identifies school climate as the strongest 
survey-measured predictor of turnover, with a one-point improvement on the four-point Likert scale associated 
with 11.6 percentage points lower turnover (β = -11.592, p < .001). Second, and more importantly, Model 3 
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demonstrates that 92.4% of climate's positive effect on student proficiency operates through direct channels such 
as improved teaching quality, instructional collaboration, and professional satisfaction, rather than through 
turnover reduction. This means a statewide climate initiative benefits students even if it does not substantially 
reduce turnover, because better working conditions produce better teaching regardless of whether teachers stay or 
leave. This robustness to the Fade to Null scenario is the strongest justification for Phase 2. 

The initiative should include better professional development tailored to district-identified needs, 
dedicated collaboration time during school hours, and simpler administrative tasks to cut down on teachers' non-
instructional workload. Also, community involvement programs would help build stronger connections with 
parents. All these parts target the core issues causing teacher dissatisfaction identified in the survey results, rather 
than treating the symptom of teacher departure after dissatisfaction has grown (Johnson et al., 2012; Kraft and 
Papay, 2014). Funding would draw from Tennessee's TISA base funding formula and federal professional 
development allocations under Title II, at a rate of $150 per student per year.

Model 8 estimates the annual cost of the statewide initiative at $81.7 million, with a projected statewide 
turnover reduction of 1.67 percentage points and 335,605 Student-Proficiency-Points saved, which is the highest 
total SPP reduction of any individual strategy due to its broad population reach. Approximately 603,758 students 
across Tier 2 and Tier 3 districts would be affected. The benefit-cost ratio is between 16.4:1 and 32.8:1. The 
combined cost of all three phases is $103.5 million per year, representing 0.8% of Tennessee's annual K-12 
spending. Under Model 8 projections, this combined package addresses approximately 61% of excess-turnover 
harm statewide. Refer to Figure 13. 

6.4 Monitoring Framework and Decision Rules 

Because the dominant uncertainty in our framework is whether the post-COVID turnover-to-proficiency 
relationship will persist, accounting for 59.6% of projection variance, the State should treat this as a formal 
actuarial monitoring problem with annual re-estimation rather than a one-time policy decision. The Actuarial 
Process Guide emphasizes that risk assessments should be updated as new information becomes available, and 
our framework is designed around this principle (MTFC Actuarial Process Guide, 2024). 

The following four metrics should be measured and reported annually by TDOE. First, turnover 
frequency should be tracked as the percentage of districts above the 12% threshold and the percentage of students 
enrolled in districts above 12% and above 20% turnover. Second, the severity parameter B should be re-estimated 
annually using the Model 1C piecewise specification with the most recent TCAP assessment data. Third, the 
statewide loss distribution should be re-simulated using the Model 6 Monte Carlo framework to update the 
median and 90% prediction interval of annual SPP loss. Fourth, intervention performance should be evaluated by 
comparing observed turnover changes in MNPS and Tier 4 districts relative to matched comparison districts that 
did not receive the intervention (Stuart et al., 2011). 

As a practical leading indicator, we identify the educator survey item "I would recommend this school to 
parents" (TC_01d), which our analysis found explains 12% of turnover variance, nearly as much as the full multi-
domain statistical model. Districts where this item drops below the state median should receive preventive 
support before turnover spikes materialize. This single item is collected annually at low cost and provides an 
efficient early-warning signal that district-level administrators can act on immediately. 

The monitoring framework should trigger three possible responses based on annual data updates. First, 
expansion: if MNPS turnover falls by at least five percentage points within two years and Tier 4 districts exhibit 
stabilization consistent with Model 8 projections, the State should proceed with Phase 2 statewide expansion. 
This decision rule ensures that the State does not scale prematurely and that expansion remains evidence-based. 
Second, continuation with caution: if statewide turnover remains above 15% and the re-estimated turnover-
proficiency coefficient remains materially negative, the Baseline or Pessimistic scenarios from Model 7 should be 
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treated as relevant to planning, and resources should continue to prioritize the highest benefit-cost interventions 
before broader expansion. Third, de-escalation: if turnover declines to approximately 13% or lower and the re-
estimated turnover-proficiency coefficient approaches zero, consistent with the Fade to Null scenario, the State 
should shift from active intervention to targeted maintenance and continued monitoring. Under this scenario, 
Model 7 projects six-year cumulative losses of only 444,000 SPP, and the case for large-scale intervention 
weakens substantially. 

An annual actuarial status report comparing current metrics to each of the six scenario trajectories from 
Model 7 provides early warning of deterioration or confirmation of improvement. The 2025-26 retention data and 
2026 TCAP assessment results will be the single most valuable update points for narrowing these projections, 
because they will reveal whether the post-pandemic turnover-proficiency relationship is strengthening, stabilizing, 
or beginning to fade toward the pre-COVID pattern. 

7. Conclusion 
This report set out to answer whether teacher turnover in Tennessee is a quantifiable risk to student 

learning, and if so, what should be done about it. After building eight models on 39 datasets spanning eight years, 
the answer is clear but qualified. There is a real, statistically significant association between excess turnover 
above 12% and lower student proficiency in the post-pandemic period, concentrated disproportionately in the 
highest-poverty and highest-minority districts. The cumulative harm under most plausible futures is measured in 
millions of Student-Proficiency-Points and billions of dollars in lifetime earnings, and every intervention strategy 
we evaluated returns well above break-even. 

 
The most important finding, however, is the one that complicates the narrative. In 2019, this association 

was zero. Whether the post-pandemic relationship represents a permanent shift or a temporary disruption is a 
question our data cannot definitively resolve, and the district fixed effects result confirms that the harm we 
document is intertwined with deeper structural disadvantages rather than turnover alone. Our mediation analysis 
reinforces this: the vast majority of working conditions' benefit to students operates through direct improvements 
in teaching quality, not through turnover reduction. The recommendations in this report are designed with this 
uncertainty at their center, which is why we propose an adaptive monitoring framework with explicit decision 
rules rather than a fixed policy commitment. 

 
Tennessee is well positioned to lead on this issue. The state maintains one of the most comprehensive 

public education data infrastructures in the country, and the three-phase strategy proposed here reflects that: target 
Metro Nashville and the eight Tier 4 crisis districts immediately, expand statewide working-conditions investment 
if Phase 1 succeeds, and monitor β annually with explicit decision rules that allow the response to scale up or 
down as evidence demands. The 2025-26 retention data and 2026 assessment results will be the most valuable 
inputs for determining which path to take. Tennessee's students are better served by a state that measures, models, 
and responds than by one that waits for certainty that may never arrive. 
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10. Appendices 

Appendix 1: GitHub Link to All Code 

 

Link to public code: https://github.com/jkhdr5426/ramsmtfc 

 
Appendix 2: Tennessee District Map


