TCCY Resource Mapping 2026 — Trend Analysis Source Code

Appendix: Ten-Year Trend Analysis Script
rm_trend_analysis_consolidated.py
Resource Mapping 2026 — Tennessee Commission on Children and Youth
This appendix provides the complete, annotated source code for the ten-year expenditure trend analysis presented in the Resource Mapping 2026 report. The analysis examines whether specific categories of Tennessee’s child-serving program portfolio—defined by Programmatic Focus, Primary Outcome, and Under-6 designation—have growth trajectories that diverge significantly from the portfolio as a whole. The analysis covers fiscal years 2015 through 2024 across three time windows: the full decade, the pre-COVID period (FY15–FY19), and the COVID and recovery period (FY20–FY24).
The script implements a two-layer analytical framework. Layer 1 produces descriptive context tables—portfolio-level expenditure totals, category shares, cost-per-child summaries, and slope distributions—that provide the interpretive backdrop for the inferential results. Layer 2 uses bootstrap resampling with bias-corrected and accelerated (BCa) confidence intervals to test whether each category’s median growth rate differs significantly from the pooled median of all programs not in that category (the “vs-rest” design). Five dependent variables are examined: total expenditure growth, state expenditure growth, group median expenditure trajectory, cost-per-child growth, and state cost-per-child growth.
Annotations in this appendix are cross-referenced to the Ten-Year Trend Analysis Methodology Document, which provides the full statistical justification for each parameter choice and analytical decision. Methodology cross-references appear in amber callout boxes throughout.
The analysis is explicitly framed as exploratory. No multiplicity correction is applied across the 315 tests conducted. Findings that replicate across windows, groupings, or dependent variables carry more interpretive weight than isolated significant results.


1. Script Header and Imports
The docstring summarizes the two-layer analytical framework, the five dependent variables, the three grouping variables, the three analysis windows, and the TEIS sensitivity analysis. The import block loads scipy.stats for OLS regression (linregress) and the normal distribution functions used in BCa confidence interval construction, openpyxl for Excel output formatting, and the standard numerical computing stack (numpy, pandas).
"""
Resource Mapping — Consolidated Trend Analysis
================================================
Two-layer analytical framework for the Tennessee Resource Mapping report.
 
Layer 1 — Descriptive:
  Portfolio composition tables (total/state/federal expenditure, portfolio
  shares, program counts, cost per child, state share) by category by year.
 
Layer 2 — Bootstrap Inference:
  For each category, tests whether its trend differs from the portfolio
  average. Five DVs per grouping:
 
    DV1  Median program total growth rate    (log Total, per-program OLS)
    DV2  Median program state growth rate    (log State, per-program OLS)
    DV3  Group median expenditure trajectory (log of group median per year)
    DV4  Median cost-per-child growth rate   (log Total/NServed, per-program)
    DV5  Median state CPC growth rate        (log State/NServed, per-program)
 
  Bootstrap: 8,000 resamples, BCa or Percentile 90% CI (configurable via
  CI_METHOD). Significance = CI excludes zero.
 
Groupings: Programmatic Focus (7), Primary Outcome (5), Under 6 (2).
Windows:   FY15–FY24 (all), FY15–FY19 (pre-COVID), FY20–FY24 (COVID-era).
Sensitivity: TEIS excluded from Early Intervention (Focus grouping only).
 
One workbook per window. Each contains:
  - One sheet per grouping (all 5 DVs)
  - TEIS-excluded sensitivity sheet
  - Summary sheet (all significant findings)
  - Descriptive Context sheet (Layer 1 tables)
 
Usage:
    python rm_trend_analysis_consolidated.py
"""
 
import os, re, math, warnings
import numpy as np
import pandas as pd
from scipy import stats
from openpyxl import Workbook
from openpyxl.styles import Font, PatternFill, Alignment, Border, Side
from openpyxl.utils import get_column_letter
 
warnings.filterwarnings('ignore')
 
2. Configuration
2.1 Paths and Analysis Windows
The script reads from RM_Step5_ChildOnly.xlsx, produced by the cleaning pipeline’s adult-only filter. This file contains one sheet per fiscal year (FY13–FY25), with program-level records including agency, program name, expenditure fields, NServed, and categorical coding. Only FY15–FY24 sheets are used; FY13–FY14 are excluded for column-name inconsistencies, and FY25 is excluded because the ten-year window ends at FY24.
Three analysis windows are defined, each producing its own output workbook. The full decade (FY15–FY24, 10 years) captures the overall trajectory. The pre-COVID window (FY15–FY19, 5 years) establishes the pre-pandemic baseline. The COVID & Recovery window (FY20–FY24, 5 years) isolates the pandemic and recovery period. FY20 is assigned to the COVID window because Tennessee’s FY20 (July 2019–June 2020) includes four months of pandemic disruption, and sub-annual expenditure data are not available to split it.
📎 Methods Reference: See Methodology §2 (Data Source) and §3 (Analysis Windows) for full justification of window boundaries and FY20 classification.
# ══════════════════════════════════════════════════════════════════════════
# CONFIGURATION
# ══════════════════════════════════════════════════════════════════════════
 
INPUT_FILE = “path to cleaned all years data file”
OUT_DIR    = “path to where you want to save the output”
WINDOWS = {
    'all': {'label': 'FY15–FY24',
          'fy_list': [f'FY{y}' for y in range(15, 25)],
         'out_file': 'RM_Trends_FY15_FY24.xlsx'},
    'pre': {'label': 'FY15–FY19 (Pre-COVID)',
       'fy_list': [f'FY{y}' for y in range(15, 20)],
        'out_file': 'RM_Trends_FY15_FY19.xlsx'},
    'post': {'label': 'FY20–FY24 (COVID & Recovery)',
             'fy_list': [f'FY{y}' for y in range(20, 25)],
             'out_file': 'RM_Trends_FY20_FY24.xlsx'},
}
2.2 Grouping Variables and Dependent Variables
Three categorical grouping variables define the analytical comparisons: Programmatic Focus (7 categories spanning the service continuum from Universal Promotion through Intensive Intervention), Primary Outcome (TCCY’s 5 child well-being domains), and Under 6 Designation (binary). Each program is classified into exactly one category per grouping.
Five dependent variables are specified, each as a tuple of (key, display label, column name, filter rule, bootstrap type). DV1–DV2 measure total and state expenditure growth via per-program OLS slopes on logged values. DV3 takes a different approach: it fits a single OLS slope on the group’s median total expenditure per year, capturing the trajectory of the “typical” program at the group level. DV4–DV5 measure cost-per-child growth. The filter rules enforce DV-specific sample restrictions (State > $0 for DV2; 0 < NServed ≤ 1.6M for DV4; both for DV5). The bootstrap_type field controls which resampling procedure is used: ‘program’ resamples individual program slopes; ‘group_agg’ resamples entire programs and refits the group median series.
📎 Methods Reference: See Methodology §4 (Grouping Variables) and §5 (Dependent Variables) for DV definitions, filter rationale, and the statistical distinction between program-level and group-aggregate DVs.
GROUPINGS = [
    ('Focus',   'Programmatic Focus'),
    ('Outcome', 'Primary Outcome'),
    ('Under6',  'Under 6 Designation'),
]
 
DVS = [
    # (key,             display label,                      dv_col,     filter_rule,   bootstrap_type)
    ('log_total',       'Total Expenditure (% change)',     'logTotal', None,          'program'),
    ('log_state',       'State Expenditure (% change)',     'logState', 'state_pos',   'program'),
    ('log_median_exp',  'Group Median Expenditure (% chg)', 'logTotal', 'median_exp',  'group_agg'),
    ('log_cpc',         'Cost per Child (% change)',        'logCPC',   'cpc_valid',   'program'),
    ('log_scpc',        'State Cost per Child (% change)',  'logSCPC',  'scpc_valid',  'program'),
]
 
B     = 10000
SEED  = 20250401
ALPHA = 0.10
 
# CI method: 'bca' = BCa (Efron & Tibshirani 1993), 'percentile' = basic percentile
CI_METHOD = 'bca'
 
NSERVED_IMPLAUSIBLE = 1600000
2.3 Bootstrap Parameters and CPI Configuration
The bootstrap uses B = 10,000 resamples with a fixed seed for exact reproducibility. The confidence level is 90% (α = 0.10), chosen to balance sensitivity with specificity in an exploratory analysis without multiplicity correction. The CI method defaults to BCa (bias-corrected and accelerated), which provides superior coverage properties over basic percentile intervals when the test statistic is a difference of medians with potentially skewed distributions. The NServed implausibility cap of 1,600,000 excludes population-scale denominators (e.g., SNAP enrollment) that produce artificially low cost-per-child figures.
A CPI deflator table is included but CPI_ADJUST is set to False by default. All figures are nominal dollars. This decision reflects that the analysis expresses results as percentage changes and the vs-rest comparison is unaffected by uniform deflation. The narrative notes that nominal growth below approximately 3.2%/yr represents a real-term decline.
📎 Methods Reference: See Methodology §6.5 (Bootstrap Parameters), §2.4 (CPI adjustment rationale), and §11 (Known Limitations) for the nominal-dollar decision.
B     = 10000
SEED  = 20250401
ALPHA = 0.10
 
# CI method: 'bca' = BCa (Efron & Tibshirani 1993), 'percentile' = basic percentile
CI_METHOD = 'bca'
 
NSERVED_IMPLAUSIBLE = 1600000
 
# ── CPI Inflation Adjustment ─────────────────────────────────────────────
# Set True to deflate all dollar figures to real FY25 dollars.
# Set False (default) for nominal dollars.
CPI_ADJUST = False
 
CPI_DEFLATOR = {
    'FY13': 0.7876, 'FY14': 0.8003, 'FY15': 0.8017, 'FY16': 0.8118,
    'FY17': 0.8290, 'FY18': 0.8492, 'FY19': 0.8638, 'FY20': 0.8749,
    'FY21': 0.9158, 'FY22': 0.9889, 'FY23': 1.0293, 'FY24': 1.0559,
    'FY25': 1.0000,
}
 
# Column rename map — covers all known column name variants across FY13–FY25
RENAME_MAP = {
    'Agency Name': 'Agency', 'Program Name': 'Program',
    'TCCY Outcome': 'Outcome', 'TCCY Focus': 'Focus',
    'STATE_AGENCY': 'Agency', 'PROGRAM_NAME': 'Program',
    'PRIMARY_OUTCOME': 'Outcome', 'PROGRAMMATIC_FOCUS': 'Focus',
}
 
NSERVED_COL_MAP = {
    'NServed': 'NServed',
    'Number of Children Served': 'NServed',
    'CHILDREN_SERVD_2013': 'NServed',
    'CHILDREN_SERVD_2014': 'NServed',
}
 
U6_ENTITLEMENTS = {
    'WIC (343.53)',
    'Child Care Benefits',
}
 
 
def min_active_for_window(n_years):
    """Longer windows get a slightly higher floor."""
    return 7 if n_years >= 10 else 5
 
 
3. Excel Formatting Utilities
Helper functions for consistent Excel output styling. Significant findings receive a green fill (SIG_FILL); non-significant findings receive a peach fill (NS_FILL). Column headers use white text on a deep blue background. These are purely presentational and do not affect any analytical computation.
# ══════════════════════════════════════════════════════════════════════════
# STYLES
# ══════════════════════════════════════════════════════════════════════════
 
DEEP_BLUE = '1E4E79'
TEAL      = '2C9FAF'
SIG_FILL  = PatternFill(start_color='C6EFCE', end_color='C6EFCE', fill_type='solid')
NS_FILL   = PatternFill(start_color='FCE4D6', end_color='FCE4D6', fill_type='solid')
HEAD_FILL = PatternFill(start_color=DEEP_BLUE, end_color=DEEP_BLUE, fill_type='solid')
THIN = Border(left=Side(style='thin', color='CCCCCC'), right=Side(style='thin', color='CCCCCC'),
              top=Side(style='thin', color='CCCCCC'), bottom=Side(style='thin', color='CCCCCC'))
 
 
def _font(bold=False, size=10, color='000000', italic=False):
    return Font(name='Arial', bold=bold, size=size, color=color, italic=italic)
 
 
def _cell(ws, r, c, val, bold=False, size=10, color='000000', italic=False,
          fill=None, fmt=None, halign='left', wrap=False):
    cell = ws.cell(row=r, column=c, value=val)
    cell.font = _font(bold=bold, size=size, color=color, italic=italic)
    cell.border = THIN
    cell.alignment = Alignment(horizontal=halign, vertical='center', wrap_text=wrap)
    if fill: cell.fill = fill
    if fmt:  cell.number_format = fmt
    return cell
 
 
def _header_row(ws, row, labels, widths=None):
    for ci, label in enumerate(labels, 1):
        c = ws.cell(row=row, column=ci, value=label)
        c.font = _font(bold=True, size=10, color='FFFFFF')
        c.fill = HEAD_FILL; c.border = THIN
        c.alignment = Alignment(horizontal='center', vertical='center', wrap_text=True)
    if widths:
        for ci, w in enumerate(widths, 1):
            ws.column_dimensions[get_column_letter(ci)].width = w
 
 


4. Data Loading and Panel Construction
4.1 Quote Normalization
Unicode curly quotes (left/right single and double quotes) are replaced with ASCII equivalents. This prevents silent mismatches when program names are joined across fiscal years—a program named “Children’s Services” in one year and "Children's Services" in another would fail an exact match without this normalization.
📎 Methods Reference: See Methodology §2.2 (Column Harmonization): “All text columns undergo smart-quote normalization.”
def _normalize_quotes(s):
    """Replace Unicode curly quotes with ASCII equivalents."""
    if not isinstance(s, str):
        return s
    return s.replace('\u2018', "'").replace('\u2019', "'").replace('\u201c', '"').replace('\u201d', '"')
 
4.2 Panel Construction: load_panel()
This is the core data preparation function. It reads one sheet per fiscal year, applies column harmonization via the RENAME_MAP (which covers all known column-name variants across FY13–FY25), converts expenditure and NServed fields to numeric, optionally applies CPI deflation, normalizes the Under-6 designation, and concatenates all years into a single analytical panel.
Three exclusion filters are applied sequentially. First, BEP/TISA passthroughs are removed—these represent Basic Education Program formula dollars passed through to school districts, not discretionary child-serving programs. Second, zero-expenditure records are dropped. Third, the episodic filter removes programs active in fewer than 75% of the window’s years (7 of 10 for the full decade; all 5 for the sub-windows). This filter is necessary for OLS slope estimation quality but introduces survivorship bias that is documented in the methodology’s limitations section.
After filtering, four derived log-transformed columns are computed. logTotal = ln(Total) is defined for all programs. logState = ln(State) is defined only where State > $0. logCPC = ln(Total/NServed) is defined only where 0 < NServed ≤ 1,600,000. logSCPC = ln(State/NServed) requires both conditions, producing the most restrictive sample. The slope of any log-transformed variable over time approximates the annualized percentage change: exp(slope) − 1 gives the exact value.
📎 Methods Reference: See Methodology §2.1–2.4 for input data specification, column harmonization, the three exclusion rules (with rationale for the 75% episodic threshold), and derived variable definitions including the NServed cap justification.
def load_panel(path, fy_list, min_active=None):
    """
    Load and prepare the analytical panel.
 
    Returns a single DataFrame with columns:
      Agency, Program, Focus, Outcome, Under6, Total, State, Federal,
      NServed, FY, Year, logTotal, logState, logCPC, logSCPC
    """
    if min_active is None:
        min_active = min_active_for_window(len(fy_list))
 
    all_rows = []
    for fy in fy_list:
        df = pd.read_excel(path, sheet_name=fy, dtype=str)
        if len(df) == 0:
            continue
        df = df.rename(columns={k: v for k, v in RENAME_MAP.items() if k in df.columns})
        df = df.loc[:, ~df.columns.duplicated(keep='first')]
 
        # Normalize smart quotes in text columns
        for col in ['Agency', 'Program', 'Focus', 'Outcome']:
            if col in df.columns:
                df[col] = df[col].apply(_normalize_quotes)
 
        # Numeric conversion
        for col in ['Total', 'Federal', 'State', 'Other']:
            if col in df.columns:
                df[col] = pd.to_numeric(
                    df[col].astype(str).str.replace('[$,]', '', regex=True),
                    errors='coerce').fillna(0.0)
 
        # CPI deflation
        if CPI_ADJUST:
            d = CPI_DEFLATOR.get(fy, 1.0)
            if d > 0:
                for col in ['Total', 'State', 'Federal', 'Other']:
                    if col in df.columns:
                        df[col] = df[col] / d
 
        # NServed
        ns_found = False
        for raw_col in NSERVED_COL_MAP:
            if raw_col in df.columns:
                df['NServed'] = pd.to_numeric(
                    df[raw_col].astype(str).str.replace(',', '', regex=False).str.strip(),
                    errors='coerce').fillna(0.0)
                ns_found = True
                break
        if not ns_found:
            df['NServed'] = 0.0
 
        # Under 6
        if 'Under_6' in df.columns:
            df['Under6'] = df['Under_6'].apply(
                lambda v: 'Under 6' if str(v).strip().lstrip("'") == 'Yes' else 'Not Under 6')
        else:
            df['Under6'] = 'Not Under 6'
 
        df['Agency'] = df['Agency'].fillna('Unknown').astype(str).str.strip()
        df['Program'] = df['Program'].fillna('[Unnamed]').astype(str).str.strip()
        df['FY'] = fy
        df['Year'] = int(fy[2:])
 
        keep_cols = ['Agency', 'Program', 'Focus', 'Outcome', 'Under6',
                     'Total', 'State', 'Federal', 'NServed', 'FY', 'Year']
        all_rows.append(df[[c for c in keep_cols if c in df.columns]])
 
    panel = pd.concat(all_rows, ignore_index=True)
 
    # Exclusions — BEP/TISA by Agency OR Program name
    panel = panel[~(panel['Agency'].str.contains('BEP|TISA', case=False, na=False) |
                    panel['Program'].str.contains(r'^TISA\b|^BEP\b', case=False, na=False))]
    panel = panel[panel['Total'] > 0].copy()
 
    # Episodic filter
    if min_active > 0:
        prog_nyears = panel.groupby(['Agency', 'Program'])['Year'].nunique()
        valid = set(prog_nyears[prog_nyears >= min_active].index)
        panel = panel[panel.apply(lambda r: (r['Agency'], r['Program']) in valid, axis=1)]
 
    # Derived columns
    panel['logTotal'] = np.log(panel['Total'])
    panel['logState'] = np.where(panel['State'] > 0, np.log(panel['State']), np.nan)
 
    cpc_mask = (panel['NServed'] > 0) & (panel['NServed'] <= NSERVED_IMPLAUSIBLE)
    panel['logCPC'] = np.where(
        cpc_mask, np.log(panel['Total'] / panel['NServed'].clip(lower=1)), np.nan)
    panel.loc[~cpc_mask, 'logCPC'] = np.nan
 
    scpc_mask = cpc_mask & (panel['State'] > 0)
    panel['logSCPC'] = np.where(
        scpc_mask, np.log(panel['State'] / panel['NServed'].clip(lower=1)), np.nan)
    panel.loc[~scpc_mask, 'logSCPC'] = np.nan
 
    return panel
 


5. Program-Level Slope Estimation
For each program, an OLS regression is fitted with fiscal year as the independent variable and the log-transformed DV as the dependent variable (using scipy’s linregress). The slope coefficient is the annualized log-change rate. A minimum of MIN_SLOPE_POINTS = 4 data points is required; with fewer points, the OLS fit is dominated by endpoint noise. The function returns a DataFrame with one row per program, carrying the slope, number of data points, R², and the program’s category codes—ready for the bootstrap functions to resample.
The filter_rule parameter dispatches to DV-specific sample restrictions: ‘state_pos’ requires State > $0 (DV2); ‘cpc_valid’ requires 0 < NServed ≤ 1.6M (DV4); ‘scpc_valid’ requires both (DV5). For the group-aggregate DV3, this function computes per-program logTotal slopes solely to produce consistent n-counts—the actual DV3 slope is fitted at the group level in the bootstrap function.
📎 Methods Reference: See Methodology §5.1: “OLS slopes assume a linear relationship between log(DV) and time, equivalent to constant exponential growth.” The MIN_SLOPE_POINTS = 4 threshold is justified as balancing inclusion against estimation quality.
# ══════════════════════════════════════════════════════════════════════════
# PROGRAM-LEVEL SLOPES
# ══════════════════════════════════════════════════════════════════════════
 
MIN_SLOPE_POINTS = 4
 
def compute_program_slopes(panel, dv_col, filter_rule=None):
    """
    Fit per-program OLS on the specified DV column.
    Returns DataFrame with: Agency, Program, slope, n_points, r_squared,
    plus grouping columns.
    """
    sub = panel.copy()
    if filter_rule == 'state_pos':
        sub = sub[sub['State'] > 0]
    elif filter_rule == 'cpc_valid':
        sub = sub[(sub['NServed'] > 0) & (sub['NServed'] <= NSERVED_IMPLAUSIBLE)]
    elif filter_rule == 'scpc_valid':
        sub = sub[(sub['NServed'] > 0) & (sub['NServed'] <= NSERVED_IMPLAUSIBLE) & (sub['State'] > 0)]
    elif filter_rule == 'median_exp':
        # For group-agg DV, return per-program logTotal slopes for n-count only
        sub = sub.dropna(subset=['logTotal'])
        dv_col = 'logTotal'
 
    sub = sub.dropna(subset=[dv_col])
    results = []
    for (ag, pg), pdf in sub.groupby(['Agency', 'Program']):
        if len(pdf) < MIN_SLOPE_POINTS:
            continue
        slope, _, r_val, _, _ = stats.linregress(pdf['Year'].values, pdf[dv_col].values)
        row = {'Agency': ag, 'Program': pg, 'slope': slope,
               'n_points': len(pdf), 'r_squared': r_val ** 2}
        first = pdf.iloc[0]
        for gc, _ in GROUPINGS:
            row[gc] = first.get(gc, '')
        results.append(row)
    return pd.DataFrame(results)
 
6. Confidence Interval Construction
6.1 Basic Percentile CI
The percentile CI takes the α/2 and 1−α/2 quantiles of the bootstrap distribution directly. This is the simplest CI method but can have poor coverage when the bootstrap distribution is skewed or biased. It serves as the fallback when BCa cannot be computed (fewer than 100 valid bootstrap replicates).
def _pct_ci(obs, boot_dist, alpha=ALPHA):
    """Basic percentile confidence interval."""
    boot_dist = np.asarray(boot_dist)
    valid = boot_dist[~np.isnan(boot_dist)]
    if len(valid) == 0:
        return None, None
    lo = float(np.percentile(valid, 100 * (alpha / 2)))
    hi = float(np.percentile(valid, 100 * (1 - alpha / 2)))
    return lo, hi
6.2 BCa Confidence Interval
The bias-corrected and accelerated (BCa) method of Efron and Tibshirani (1993) adjusts the basic percentile CI for two sources of distortion. The bias correction (z₀) measures the proportion of bootstrap replicates below the observed statistic, transformed to the normal scale. If the bootstrap distribution is systematically displaced from the observed value, z₀ shifts the CI accordingly. The acceleration (a) is estimated via the jackknife: for each program in the focal group, the leave-one-out median is computed, and the skewness of this jackknife distribution determines how the CI width varies across the parameter space.
The adjusted quantiles are q = Φ(z₀ + (z₀ + z) / (1 − a(z₀ + z))), where z = ±1.645 for the 90% CI. If no original_data is provided (as for DV3, the group-aggregate DV), the acceleration is set to a = 0, producing a bias-corrected-only interval—a conservative simplification that yields slightly wider CIs.
📎 Methods Reference: See Methodology §6.4 (BCa CI Construction): full derivation of the bias correction and acceleration formulas, the DV3 exception (a = 0), and the fallback to percentile CI with < 100 replicates.
def _bca_ci(obs, boot_dist, original_data=None, alpha=ALPHA):
    """
    BCa confidence interval (Efron & Tibshirani, 1993).
 
    obs:            observed statistic
    boot_dist:      array of B bootstrap replicates
    original_data:  array of original values (for jackknife acceleration);
                    if None, falls back to bias-corrected only (a=0)
    """
    boot_dist = np.asarray(boot_dist)
    valid = boot_dist[~np.isnan(boot_dist)]
    if len(valid) < 100:
        return _pct_ci(obs, boot_dist, alpha)
 
    # ── z0: bias correction ──────────────────────────────────────
    z0 = stats.norm.ppf(np.mean(valid < obs))
    if not np.isfinite(z0):
        return _pct_ci(obs, boot_dist, alpha)
 
    # ── a: acceleration (jackknife) ──────────────────────────────
    a = 0.0
    if original_data is not None and len(original_data) >= 3:
        jk = np.empty(len(original_data))
        for i in range(len(original_data)):
            jk[i] = np.median(np.delete(original_data, i))
        jk_mean = jk.mean()
        num = np.sum((jk_mean - jk) ** 3)
        den = 6.0 * (np.sum((jk_mean - jk) ** 2) ** 1.5)
        if den > 0:
            a = num / den
 
    # ── Adjusted quantiles ───────────────────────────────────────
    z_lo = stats.norm.ppf(alpha / 2)
    z_hi = stats.norm.ppf(1 - alpha / 2)
 
    def _adj(z):
        denom = 1 - a * (z0 + z)
        if abs(denom) < 1e-10:
            return z
        return stats.norm.cdf(z0 + (z0 + z) / denom)
 
    q_lo = np.clip(_adj(z_lo), 0.0, 1.0)
    q_hi = np.clip(_adj(z_hi), 0.0, 1.0)
 
    lo = float(np.percentile(valid, 100 * q_lo))
    hi = float(np.percentile(valid, 100 * q_hi))
    return lo, hi
 
 
def _ci(obs, boot_dist, original_data=None, alpha=ALPHA):
    """Dispatcher: respects CI_METHOD config constant."""
    if CI_METHOD == 'bca':
        return _bca_ci(obs, boot_dist, original_data=original_data, alpha=alpha)
    return _pct_ci(obs, boot_dist, alpha)
 


7. Bootstrap Inference
7.1 Program-Level Vs-Rest Bootstrap (DVs 1, 2, 4, 5)
For each category, this function tests whether the group’s median program slope differs from the pooled median slope of all programs not in that category. The “vs-rest” design avoids comparing to a grand mean that includes the category itself (which would attenuate the contrast) and avoids arbitrary selection of a reference category.
The procedure resamples slopes within each group and within the rest pool independently. This is critical: resampling only the focal group while holding the rest fixed would underestimate the variability of the difference, producing anti-conservative (too-narrow) confidence intervals. For each of B = 10,000 iterations, the function draws n slopes with replacement from the focal group, draws m slopes with replacement from the rest pool, computes both bootstrap medians, and records their difference. The BCa CI is then constructed on the distribution of bootstrap differences, with the original focal group slopes passed as the jackknife data for the acceleration parameter.
📎 Methods Reference: See Methodology §6.1 (Vs-Rest Design) and §6.2 (Bootstrap Procedure for Program-Level DVs). The independent resampling of both sides is specifically justified in §6.2: “Resampling only the focal group while holding the rest fixed would underestimate the variability of the difference.”
def bootstrap_vs_rest_program(slope_df, group_col, B=B, seed=SEED):
    """
    Vs-rest bootstrap for program-level DVs (DVs 1, 2, 4, 5).
    Resamples individual program slopes within each group.
    Compares each group's median slope to the median of all other
    programs' slopes (pooled, not mean-of-medians).
    """
    rng = np.random.default_rng(seed)
    groups = sorted(slope_df[group_col].unique())
    group_slopes = {g: slope_df.loc[slope_df[group_col] == g, 'slope'].values for g in groups}
    all_slopes = slope_df['slope'].values
    obs_medians = {g: float(np.median(group_slopes[g])) for g in groups}
 
    # Observed pooled median of non-group programs
    obs_rest_medians = {}
    for g in groups:
        rest = slope_df.loc[slope_df[group_col] != g, 'slope'].values
        obs_rest_medians[g] = float(np.median(rest)) if len(rest) > 0 else 0.0
 
    # Pre-compute all bootstrap medians per group
    boot_medians = {g: np.empty(B) for g in groups}
    for b in range(B):
        for g in groups:
            arr = group_slopes[g]
            boot_medians[g][b] = np.median(rng.choice(arr, len(arr), replace=True))
 
    # Bootstrap rest-medians: resample non-group programs
    boot_rest_medians = {g: np.empty(B) for g in groups}
    for g in groups:
        rest_slopes = slope_df.loc[slope_df[group_col] != g, 'slope'].values
        n_rest = len(rest_slopes)
        if n_rest == 0:
            boot_rest_medians[g][:] = 0.0
            continue
        for b in range(B):
            boot_rest_medians[g][b] = np.median(rng.choice(rest_slopes, n_rest, replace=True))
 
    results = {}
    for g in groups:
        n = len(group_slopes[g])
        obs_diff = obs_medians[g] - obs_rest_medians[g]
        boot_diffs = boot_medians[g] - boot_rest_medians[g]
 
        ci_lo, ci_hi = _ci(obs_diff, boot_diffs,
                           original_data=group_slopes[g])
        results[g] = {
            'obs_median': obs_medians[g],
            'obs_mean': float(np.mean(group_slopes[g])),
            'n': n,
            'obs_others_mean': obs_rest_medians[g],
            'obs_diff': obs_diff,
            'ci_lo': float(ci_lo) if ci_lo is not None else None,
            'ci_hi': float(ci_hi) if ci_hi is not None else None,
        }
    return results
7.2 Group-Aggregate Vs-Rest Bootstrap (DV3)
DV3 takes a fundamentally different approach from the program-level DVs. Instead of computing per-program slopes and comparing medians, it computes the group’s median total expenditure for each fiscal year, then fits a single OLS slope on the log of that yearly median series. This captures the trajectory of the “typical” program’s spending, weighted by distributional position rather than program size.
The bootstrap resamples programs (not slopes or years) within each group, preserving the within-program temporal correlation structure. For each iteration, a bootstrap sample of programs is drawn with replacement, the group median per year is recomputed from that sample, and a new log-slope is fitted. The same procedure is applied to the rest pool. The difference between group and rest slopes is recorded. Because DV3 has no clean per-observation jackknife vector, the BCa acceleration parameter is set to zero (original_data=None), producing a bias-corrected-only CI.
▶ DV3 revealed the key Under-6 finding: aggregate Under-6 spending grew substantially, but the median Under-6 program was declining—growth was concentrated in a few large programs. This divergence between aggregate and median trajectories is precisely the signal DV3 was designed to detect.
📎 Methods Reference: See Methodology §5.2 (Group-Aggregate Slope), §6.3 (Bootstrap Procedure for DV3), and §6.4 (DV3 exception for acceleration parameter).
def bootstrap_vs_rest_group_agg(panel, group_col, slope_df, agg='median', B=B, seed=SEED):
    """
    Vs-rest bootstrap for group-level DV (DV3: group median expenditure trajectory).
    Resamples programs within each group; recomputes group median per year;
    fits log-slope to that series.
 
    slope_df is used for consistent n-counts with other DVs.
    """
    rng = np.random.default_rng(seed)
    groups = sorted(panel[group_col].dropna().unique())
    years = sorted(panel['Year'].unique())
    n_yrs = len(years)
    yr_idx = {y: i for i, y in enumerate(years)}
    yr_vals = np.array(years, dtype=float)
    agg_fn = np.nanmedian if agg == 'median' else np.nanmean
 
    def _fit_slope(subpanel):
        yearly = subpanel.groupby('Year')['Total'].agg(
            'median' if agg == 'median' else 'mean').reset_index().sort_values('Year')
        yearly = yearly[yearly['Total'] > 0]
        if len(yearly) < MIN_SLOPE_POINTS:
            return np.nan
        slope, *_ = stats.linregress(yearly['Year'].values, np.log(yearly['Total'].values))
        return float(slope)
 
    obs_slopes = {g: _fit_slope(panel[panel[group_col] == g]) for g in groups}
    boot_slopes = {g: np.full(B, np.nan) for g in groups}
 
    # n-counts from slope_df for consistency with other DVs
    slope_n = {}
    if len(slope_df) > 0:
        for g in groups:
            slope_n[g] = int((slope_df[group_col] == g).sum())
    else:
        for g in groups:
            slope_n[g] = len(panel[panel[group_col] == g][['Agency', 'Program']].drop_duplicates())
 
    # Pre-build program arrays per group for fast resampling
    group_arrays = {}
    group_prog_keys = {}
    for g in groups:
        gdf = panel[panel[group_col] == g]
        prog_keys = list(gdf.groupby(['Agency', 'Program']).groups.keys())
        n_progs = len(prog_keys)
        if n_progs == 0:
            continue
        arr = np.full((n_progs, n_yrs), np.nan)
        for pi, (ag, pg) in enumerate(prog_keys):
            sub = gdf[(gdf['Agency'] == ag) & (gdf['Program'] == pg)]
            for _, row in sub.iterrows():
                arr[pi, yr_idx[row['Year']]] = row['Total']
        group_arrays[g] = arr
        group_prog_keys[g] = n_progs
 
    for g in groups:
        if g not in group_arrays:
            continue
        arr = group_arrays[g]
        n_progs = group_prog_keys[g]
        for b in range(B):
            idx = rng.integers(0, n_progs, n_progs)
            sample = arr[idx]
            agg_vals = agg_fn(sample, axis=0)
            mask = ~np.isnan(agg_vals) & (agg_vals > 0)
            if mask.sum() < MIN_SLOPE_POINTS:
                continue
            slope, *_ = stats.linregress(yr_vals[mask], np.log(agg_vals[mask]))
            boot_slopes[g][b] = slope
 
    # Compute vs-rest using pooled rest median
    obs_rest_slope = {}
    boot_rest_slopes = {g: np.full(B, np.nan) for g in groups}
 
    for g in groups:
        rest_panel = panel[panel[group_col] != g]
        obs_rest_slope[g] = _fit_slope(rest_panel)
 
        # Build rest array for bootstrap
        rest_prog_keys = list(rest_panel.groupby(['Agency', 'Program']).groups.keys())
        n_rest = len(rest_prog_keys)
        if n_rest == 0:
            continue
        rest_arr = np.full((n_rest, n_yrs), np.nan)
        for pi, (ag, pg) in enumerate(rest_prog_keys):
            sub = rest_panel[(rest_panel['Agency'] == ag) & (rest_panel['Program'] == pg)]
            for _, row in sub.iterrows():
                rest_arr[pi, yr_idx[row['Year']]] = row['Total']
 
        for b in range(B):
            idx = rng.integers(0, n_rest, n_rest)
            sample = rest_arr[idx]
            agg_vals = agg_fn(sample, axis=0)
            mask = ~np.isnan(agg_vals) & (agg_vals > 0)
            if mask.sum() < MIN_SLOPE_POINTS:
                continue
            slope, *_ = stats.linregress(yr_vals[mask], np.log(agg_vals[mask]))
            boot_rest_slopes[g][b] = slope
 
    results = {}
    for gi, g in enumerate(groups):
        obs_self = obs_slopes[g]
        obs_rest = obs_rest_slope.get(g, 0.0)
        n = slope_n.get(g, 0)
 
        if obs_self is None or np.isnan(obs_self):
            results[g] = {'obs_median': None, 'obs_mean': None, 'n': n,
                          'obs_others_mean': obs_rest, 'obs_diff': None,
                          'ci_lo': None, 'ci_hi': None}
            continue
 
        obs_diff = obs_self - (obs_rest if obs_rest is not None and not np.isnan(obs_rest) else 0.0)
        boot_diffs = boot_slopes[g] - boot_rest_slopes[g]
        valid = ~np.isnan(boot_diffs)
        if valid.sum() < B // 2:
            ci_lo, ci_hi = None, None
        else:
            # DV3: no clean jackknife vector; pass None → BCa uses z0 only (a=0)
            ci_lo, ci_hi = _ci(obs_diff, boot_diffs[valid],
                               original_data=None)
            ci_lo = float(ci_lo) if ci_lo is not None else None
            ci_hi = float(ci_hi) if ci_hi is not None else None
 
        results[g] = {
            'obs_median': float(obs_self),
            'obs_mean': None,  # DV3 has one slope per group, not a distribution
            'n': n,
            'obs_others_mean': float(obs_rest) if obs_rest is not None and not np.isnan(obs_rest) else None,
            'obs_diff': float(obs_diff),
            'ci_lo': ci_lo,
            'ci_hi': ci_hi,
        }
    return results
 
8. TEIS Sensitivity Analysis
Tennessee’s Early Intervention System (TEIS) accounts for 49–58% of the Early Intervention focus category’s total expenditures, growing as a share over the decade. To test whether Early Intervention findings are driven entirely by this single program, the script reruns the full Focus analysis with all TEIS observations removed. Programs are identified as TEIS via string matching on the normalized program name: any name containing “early intervention s” or “early intervention serv”, or starting with “teis”, matches the program’s various naming conventions across fiscal years.
📎 Methods Reference: See Methodology §8 (TEIS Exclusion) for the interpretation framework: findings unchanged by TEIS exclusion are robust; findings lost are TEIS-driven; findings amplified indicate the non-TEIS programs show an even stronger signal.
# ══════════════════════════════════════════════════════════════════════════
# TEIS DETECTION
# ══════════════════════════════════════════════════════════════════════════
 
def _is_teis(program_name):
    s = _normalize_quotes(str(program_name)).lower()
    return ('early intervention s' in s
            or 'early intervention serv' in s
            or s.startswith('teis'))
 


9. Output Sheet Construction
9.1 Method Note
Every grouping sheet includes a standardized method note summarizing the analytical approach: OLS slope estimation, minimum data points, bootstrap parameters, CI method, exclusion criteria, DV-specific filters, and the exploratory framing. This note is generated dynamically from the configuration constants so it remains consistent with the actual parameters used.
def _method_note():
    """Standard method note for all grouping sheets."""
    ci_label = 'BCa' if CI_METHOD == 'bca' else 'Percentile'
    cpi_note = ('All figures are CPI-adjusted real dollars (base year FY25).'
                if CPI_ADJUST else
                'All figures are nominal dollars; real-dollar trends would be '
                'lower by the cumulative rate of inflation.')
    return (
        f'Method: Per-program OLS slope of log(DV) over fiscal years \u2248 annual % change '
        f'(exact = exp(slope)\u22121). Minimum {MIN_SLOPE_POINTS} data points per program. '
        f'Bootstrap B={B:,}. {ci_label} {int((1-ALPHA)*100)}% CI. '
        f'Tests group median slope vs. pooled median of all non-group programs\u2019 slopes. '
        f'Exclusions: BEP/TISA, episodic programs '
        f'(active < 75% of window years). '
        f'CPC/SCPC restricted to programs with 0 < NServed \u2264 {NSERVED_IMPLAUSIBLE:,}; '
        f'SCPC additionally requires State > $0. '
        f'Group Median Exp: bootstrap resamples programs within group; slope fitted on '
        f'log(group median total $ per year); rest = slope of non-group pooled median series. '
        f'{cpi_note} '
        f'These are exploratory analyses; no multiplicity correction is applied. '
        f'Findings should be interpreted as policy-relevant signals, not confirmatory tests.'
    )
9.2 Grouping Sheet Writer
The write_grouping_sheet function produces one Excel sheet per grouping variable, containing all five DVs. For each DV, it computes program-level slopes, runs the appropriate bootstrap (program-level or group-aggregate), and writes a formatted table with one row per category showing: program count, median (or group) slope, mean slope, rest median, difference, BCa CI bounds, significance flag (CI excludes zero), and a plain-language interpretation. Significant findings are highlighted in green; non-significant in peach.
def write_grouping_sheet(wb, group_col, group_label, panel, window_label,
                         episodic_count=0):
    """Write one sheet with all 5 DVs for a single grouping variable."""
    ws = wb.create_sheet(group_label)
    ws.sheet_view.showGridLines = False
    r = 1
 
    # Title
    ws.merge_cells(f'A{r}:K{r}')
    ws.cell(row=r, column=1,
            value=f'Expenditure Trend Analysis by {group_label} \u2014 {window_label}'
            ).font = _font(bold=True, size=14, color=DEEP_BLUE)
    r += 2
 
    # Method note
    ws.merge_cells(f'A{r}:K{r}')
    c = ws.cell(row=r, column=1, value=_method_note()
                + (f' {episodic_count} episodic programs excluded.' if episodic_count else ''))
    c.font = _font(size=9, italic=True, color='444444')
    c.alignment = Alignment(wrap_text=True, vertical='top')
    ws.row_dimensions[r].height = 80
    r += 2
 
    all_vs_rest = []
 
    for dv_key, dv_label, dv_col, filter_rule, boot_type in DVS:
        slope_df = compute_program_slopes(panel, dv_col, filter_rule)
        if len(slope_df) == 0:
            all_vs_rest.append((dv_key, dv_label, {}))
            continue
 
        # Run the appropriate bootstrap
        if boot_type == 'group_agg':
            vs_rest = bootstrap_vs_rest_group_agg(panel, group_col, slope_df,
                                                   agg='median', B=B, seed=SEED)
        else:
            vs_rest = bootstrap_vs_rest_program(slope_df, group_col, B=B, seed=SEED)
 
        groups = sorted(vs_rest.keys())
 
        # DV header
        ws.merge_cells(f'A{r}:K{r}')
        ws.cell(row=r, column=1, value=f'DV: {dv_label}').font = _font(
            bold=True, size=12, color=DEEP_BLUE)
        r += 1
 
        # DV description
        ws.merge_cells(f'A{r}:K{r}')
        if dv_key == 'log_total':
            desc = ('Slope = OLS of log(Total) per program \u2248 annual % change. '
                    'Diff = group median \u2212 pooled median of all non-group programs. '
                    'Positive = growing faster.')
        elif dv_key == 'log_state':
            desc = ('Slope = OLS of log(State) per program \u2248 annual % change in state funding. '
                    'Only programs with State > $0. Diff vs pooled median of non-group programs.')
        elif dv_key == 'log_median_exp':
            desc = ('Slope = OLS of log(group median total $ per year). Bootstrap resamples '
                    'programs within group. Rest = slope of non-group pooled median series. '
                    'Positive = group median growing faster.')
        elif dv_key == 'log_cpc':
            desc = (f'Slope = OLS of log(Total/NServed) \u2248 annual % change in cost per child. '
                    f'Programs with 0 < NServed \u2264 {NSERVED_IMPLAUSIBLE:,}. '
                    f'Diff vs pooled median of non-group programs.')
        elif dv_key == 'log_scpc':
            desc = (f'Slope = OLS of log(State/NServed) \u2248 annual % change in state cost per child. '
                    f'NServed \u2264 {NSERVED_IMPLAUSIBLE:,} and State > $0. '
                    f'Diff vs pooled median of non-group programs.')
        else:
            desc = ''
        ws.cell(row=r, column=1, value=desc).font = _font(size=9, italic=True, color='444444')
        ws.row_dimensions[r].height = 28
        r += 1
 
        # Column headers — DV3 gets "Group slope" instead of "Median slope"
        ci_label = 'BCa' if CI_METHOD == 'bca' else 'Pctl'
        if boot_type == 'group_agg':
            col_labels = [group_label, 'n', 'Group slope', '\u2014',
                          'Rest slope', 'Difference',
                          f'{ci_label} CI low', f'{ci_label} CI high',
                          'CI excl 0?', 'Interpretation']
        else:
            col_labels = [group_label, 'n', 'Median slope', 'Mean slope',
                          'Rest median', 'Difference',
                          f'{ci_label} CI low', f'{ci_label} CI high',
                          'CI excl 0?', 'Interpretation']
        _header_row(ws, r, col_labels,
                    widths=[42, 10, 16, 16, 16, 16, 16, 16, 12, 44])
        r += 1
 
        fmt = '0.0%'
        for g in groups:
            res = vs_rest[g]
            ci_lo, ci_hi = res['ci_lo'], res['ci_hi']
            excl_0 = (ci_lo is not None and ci_hi is not None
                      and not (ci_lo <= 0 <= ci_hi))
 
            _cell(ws, r, 1, g, bold=True)
            _cell(ws, r, 2, res['n'], halign='center')
            _cell(ws, r, 3, res['obs_median'], fmt=fmt, halign='right')
            # Column 4: Mean slope for program DVs, em-dash for group agg
            _cell(ws, r, 4, res['obs_mean'], fmt=fmt, halign='right')
            _cell(ws, r, 5, res['obs_others_mean'], fmt=fmt, halign='right')
            _cell(ws, r, 6, res['obs_diff'], fmt='+0.0%;-0.0%', halign='right')
            _cell(ws, r, 7, ci_lo, fmt=fmt, halign='right')
            _cell(ws, r, 8, ci_hi, fmt=fmt, halign='right')
 
            cx = ws.cell(row=r, column=9, value='Yes' if excl_0 else 'No')
            cx.font = _font(bold=excl_0, color='276221' if excl_0 else '9C0006')
            cx.fill = SIG_FILL if excl_0 else NS_FILL
            cx.border = THIN
            cx.alignment = Alignment(horizontal='center')
 
            direction = 'faster' if (res['obs_diff'] or 0) > 0 else 'slower'
            interp = (f'Sig. {direction} than rest of portfolio.'
                      if excl_0 else 'Not sig. different from rest of portfolio.')
            _cell(ws, r, 10, interp, size=9, wrap=True,
                  fill=SIG_FILL if excl_0 else NS_FILL)
            ws.row_dimensions[r].height = 24
            r += 1
 
        all_vs_rest.append((dv_key, dv_label, vs_rest))
        r += 2
 
    return all_vs_rest
9.3 Summary Sheet
The summary sheet consolidates all significant findings across groupings and DVs into a single cross-cutting view. This is the sheet a reader consults first to identify which categories show divergent growth trajectories, before examining the per-grouping detail sheets.
def write_summary_sheet(wb, all_results, window_label):
    """Cross-cutting summary of all significant findings."""
    ci_label = 'BCa' if CI_METHOD == 'bca' else 'Percentile'
    ws = wb.create_sheet('Summary')
    ws.sheet_view.showGridLines = False
    r = 1
 
    ws.merge_cells(f'A{r}:I{r}')
    ws.cell(row=r, column=1,
            value=f'Trend Analysis Summary \u2014 {window_label}'
            ).font = _font(bold=True, size=14, color=DEEP_BLUE)
    r += 2
 
    ws.merge_cells(f'A{r}:I{r}')
    ws.cell(row=r, column=1,
            value=(f'Each row tests group median slope vs pooled median of all '
                   f'non-group programs\u2019 slopes. '
                   f'{ci_label} {int((1-ALPHA)*100)}% CI. Exclusions: BEP/TISA, episodic programs. '
                   f'Per-program DVs: median of individual slopes. '
                   f'Group Median Exp: slope of group-level median series vs '
                   f'slope of non-group pooled median series.')
            ).font = _font(size=9, italic=True, color='444444')
    ws.row_dimensions[r].height = 36
    r += 2
 
    ci_short = 'BCa' if CI_METHOD == 'bca' else 'Pctl'
    _header_row(ws, r,
                ['Grouping', 'DV', 'Group', 'Median slope', 'Diff vs rest',
                 f'{ci_short} CI low', f'{ci_short} CI high', 'Sig?', 'Interpretation'],
                widths=[26, 30, 40, 16, 16, 16, 16, 10, 44])
    r += 1
 
    for group_label, vs_rest_list in all_results:
        for dv_key, dv_label, vs_rest in vs_rest_list:
            if not vs_rest:
                continue
            for g in sorted(vs_rest.keys()):
                res = vs_rest[g]
                ci_lo, ci_hi = res['ci_lo'], res['ci_hi']
                excl_0 = (ci_lo is not None and ci_hi is not None
                          and not (ci_lo <= 0 <= ci_hi))
 
                _cell(ws, r, 1, group_label, bold=True)
                _cell(ws, r, 2, dv_label)
                _cell(ws, r, 3, g)
                _cell(ws, r, 4, res['obs_median'], fmt='0.0%', halign='right')
                _cell(ws, r, 5, res['obs_diff'], fmt='+0.0%;-0.0%', halign='right')
                _cell(ws, r, 6, ci_lo, fmt='0.0%', halign='right')
                _cell(ws, r, 7, ci_hi, fmt='0.0%', halign='right')
 
                cx = ws.cell(row=r, column=8, value='Yes' if excl_0 else 'No')
                cx.font = _font(bold=excl_0, color='276221' if excl_0 else '9C0006')
                cx.fill = SIG_FILL if excl_0 else NS_FILL
                cx.border = THIN
                cx.alignment = Alignment(horizontal='center')
 
                direction = 'faster' if (res['obs_diff'] or 0) > 0 else 'slower'
                _cell(ws, r, 9,
                      f'Sig. {direction} than rest of portfolio.' if excl_0 else 'Not sig. different.',
                      size=9, wrap=True)
                ws.row_dimensions[r].height = 22
                r += 1
            r += 1
        r += 1
9.4 Under-6 Decomposition Block
The Under-6 decomposition separates federal entitlements (WIC and Child Care Benefits, which account for 58–71% of all Under-6 expenditure in FY20–FY24) from targeted early childhood programs. This reveals the underlying investment trend: when entitlements are removed, the trajectory of state investment in discretionary early childhood programs becomes visible.
def _u6_decomposition_block(ws, r, n, fy_list, panel):
    """
    Under-6 Three-Way Decomposition.
    Call this from write_descriptive_sheet after the standard Under-6 section.
    Returns updated row counter.
    """
    ws.merge_cells(f'A{r}:{get_column_letter(n + 3)}{r}')
    ws.cell(row=r, column=1,
            value='Under-6 Expenditure Decomposition: Entitlements vs Targeted Programs'
            ).font = _font(bold=True, size=12, color=DEEP_BLUE)
    r += 1
    ws.merge_cells(f'A{r}:{get_column_letter(n + 3)}{r}')
    ws.cell(row=r, column=1,
            value=('WIC and Child Care Benefits account for 58\u201371% of all Under-6 '
                   'expenditure (FY20\u2013FY24). This decomposition separates federal '
                   'entitlements from targeted early childhood programs to reveal the '
                   'underlying investment trend.')
            ).font = _font(size=9, italic=True, color='444444')
    ws.row_dimensions[r].height = 28
    r += 1
 
    _header_row(ws, r, ['Component'] + fy_list + ['Change', '\u0394 Share'],
                widths=[42] + [18] * n + [18, 14])
    r += 1
 
    u6_panel = panel[panel['Under6'] == 'Under 6']
    is_ent = u6_panel['Program'].isin(U6_ENTITLEMENTS)
 
    decomp_groups = [
        ('All Under-6',               u6_panel),
        ('WIC + Child Care Benefits',  u6_panel[is_ent]),
        ('Targeted EC Programs',       u6_panel[~is_ent]),
    ]
 
    all_totals_by_fy = {}
 
    for label, sub in decomp_groups:
        # ── Total expenditure ──
        _cell(ws, r, 1, f'{label} \u2014 Total', bold=True)
        vals = []
        for ci, fy in enumerate(fy_list, 2):
            v = sub[sub['FY'] == fy]['Total'].sum()
            _cell(ws, r, ci, v, fmt='$#,##0', halign='right')
            vals.append(v)
            if label == 'All Under-6':
                all_totals_by_fy[fy] = v
        if len(vals) >= 2:
            _cell(ws, r, n + 2, vals[-1] - vals[0], fmt='$#,##0', halign='right')
        r += 1
 
        # ── State expenditure ──
        _cell(ws, r, 1, f'{label} \u2014 State', bold=True)
        vals_s = []
        for ci, fy in enumerate(fy_list, 2):
            v = sub[sub['FY'] == fy]['State'].sum()
            _cell(ws, r, ci, v, fmt='$#,##0', halign='right')
            vals_s.append(v)
        if len(vals_s) >= 2:
            _cell(ws, r, n + 2, vals_s[-1] - vals_s[0], fmt='$#,##0', halign='right')
        r += 1
 
        # ── Share of Under-6 total ──
        _cell(ws, r, 1, f'{label} \u2014 % of Under-6', bold=True)
        shares = []
        for ci, fy in enumerate(fy_list, 2):
            v_sub = sub[sub['FY'] == fy]['Total'].sum()
            v_all = all_totals_by_fy.get(fy, 0)
            sh = v_sub / v_all if v_all > 0 else 0
            _cell(ws, r, ci, sh, fmt='0.0%', halign='center')
            shares.append(sh)
        if len(shares) >= 2:
            _cell(ws, r, n + 2, '', halign='right')
            _cell(ws, r, n + 3, shares[-1] - shares[0], fmt='+0.0%;-0.0%', halign='center')
        r += 1
 
        # ── Program count ──
        _cell(ws, r, 1, f'{label} \u2014 Programs', bold=True)
        for ci, fy in enumerate(fy_list, 2):
            ct = sub[sub['FY'] == fy].groupby(['Agency', 'Program']).ngroups
            _cell(ws, r, ci, ct, fmt='#,##0', halign='center')
        r += 1
 
        # ── Aggregate CPC ──
        _cell(ws, r, 1, f'{label} \u2014 Agg CPC', bold=True)
        vals_cpc = []
        for ci, fy in enumerate(fy_list, 2):
            fdf = sub[(sub['FY'] == fy) & (sub['NServed'] > 0) &
                       (sub['NServed'] <= NSERVED_IMPLAUSIBLE)]
            v = fdf['Total'].sum() / fdf['NServed'].sum() if fdf['NServed'].sum() > 0 else 0
            _cell(ws, r, ci, v, fmt='$#,##0', halign='right')
            vals_cpc.append(v)
        if len(vals_cpc) >= 2 and vals_cpc[0] > 0:
            _cell(ws, r, n + 2, vals_cpc[-1] - vals_cpc[0], fmt='$#,##0', halign='right')
        r += 1
 
        # ── Median CPC ──
        _cell(ws, r, 1, f'{label} \u2014 Median CPC', bold=True)
        vals_mcpc = []
        for ci, fy in enumerate(fy_list, 2):
            fdf = sub[(sub['FY'] == fy) & (sub['NServed'] > 0) &
                       (sub['NServed'] <= NSERVED_IMPLAUSIBLE)]
            v = float((fdf['Total'] / fdf['NServed']).median()) if len(fdf) > 0 else 0
            _cell(ws, r, ci, v, fmt='$#,##0', halign='right')
            vals_mcpc.append(v)
        if len(vals_mcpc) >= 2 and vals_mcpc[0] > 0:
            _cell(ws, r, n + 2, vals_mcpc[-1] - vals_mcpc[0], fmt='$#,##0', halign='right')
        r += 1
 
        r += 1  # blank row between components
 
    return r
9.5 Descriptive Context Sheet (Layer 1)
The descriptive layer provides portfolio-level summary tables that serve as interpretive context for the bootstrap results. Tables include statewide expenditure totals by year, portfolio shares by Focus and Outcome, Under-6 vs. Not-Under-6 comparisons (expenditure, state share, aggregate and median cost per child), and non-bootstrapped slope distributions (median, mean, SD, 25th/75th percentiles) for each DV. These descriptive statistics provide the overall portfolio growth rates referenced in the report narrative.
📎 Methods Reference: See Methodology §7 (Descriptive Layer) for the complete list of summary tables and their interpretive role.
def write_descriptive_sheet(wb, panel, window_label, fy_list):
    """Layer 1 descriptive tables: expenditure, portfolio shares, CPC, state share."""
    ws = wb.create_sheet('Descriptive Context')
    ws.sheet_view.showGridLines = False
    n = len(fy_list)
    r = 1
 
    ws.merge_cells(f'A{r}:{get_column_letter(n + 3)}{r}')
    ws.cell(row=r, column=1,
            value=f'Descriptive Context \u2014 {window_label}'
            ).font = _font(bold=True, size=14, color=DEEP_BLUE)
    r += 2
 
    # ── Statewide totals ──────────────────────────────────────────────────
    _header_row(ws, r, ['Metric'] + fy_list + ['Change'],
                widths=[42] + [18] * n + [18])
    r += 1
    metrics = [
        ('Total Expenditures',   lambda p, fy: p.loc[p['FY'] == fy, 'Total'].sum(),   '$#,##0'),
        ('State Expenditures',   lambda p, fy: p.loc[p['FY'] == fy, 'State'].sum(),   '$#,##0'),
        ('Federal Expenditures', lambda p, fy: p.loc[p['FY'] == fy, 'Federal'].sum(), '$#,##0'),
        ('State % of Total',     lambda p, fy: (p.loc[p['FY'] == fy, 'State'].sum() /
                                                 p.loc[p['FY'] == fy, 'Total'].sum()
                                                 if p.loc[p['FY'] == fy, 'Total'].sum() > 0 else 0), '0.0%'),
        ('Programs (after excl.)', lambda p, fy: p.loc[p['FY'] == fy].groupby(
            ['Agency', 'Program']).ngroups, '#,##0'),
        ('Under-6 Programs',       lambda p, fy: p.loc[(p['FY'] == fy) & (
            p['Under6'] == 'Under 6')].groupby(['Agency', 'Program']).ngroups, '#,##0'),
    ]
    for name, func, fmt in metrics:
        _cell(ws, r, 1, name, bold=True)
        vals = []
        for ci, fy in enumerate(fy_list, 2):
            v = func(panel, fy)
            _cell(ws, r, ci, v, fmt=fmt, halign='right')
            vals.append(v)
        if len(vals) >= 2 and vals[0] != 0:
            _cell(ws, r, n + 2, vals[-1] - vals[0],
                  fmt=fmt if '%' not in fmt else '+0.0%;-0.0%', halign='right')
        r += 1
    r += 2
 
    # ── Portfolio shares by Focus ─────────────────────────────────────────
    ws.merge_cells(f'A{r}:{get_column_letter(n + 3)}{r}')
    ws.cell(row=r, column=1,
            value='Portfolio Share by Programmatic Focus (% of Total Expenditure)'
            ).font = _font(bold=True, size=12, color=DEEP_BLUE)
    r += 1
    _header_row(ws, r, ['Focus'] + fy_list + ['\u0394 Share'],
                widths=[42] + [16] * n + [16])
    r += 1
    focuses = sorted(panel['Focus'].dropna().unique())
    for focus in focuses:
        _cell(ws, r, 1, focus, bold=True)
        shares = []
        for ci, fy in enumerate(fy_list, 2):
            fy_total = panel.loc[panel['FY'] == fy, 'Total'].sum()
            f_total = panel.loc[(panel['FY'] == fy) & (panel['Focus'] == focus), 'Total'].sum()
            sh = f_total / fy_total if fy_total > 0 else 0
            _cell(ws, r, ci, sh, fmt='0.0%', halign='center')
            shares.append(sh)
        if len(shares) >= 2:
            _cell(ws, r, n + 2, shares[-1] - shares[0], fmt='+0.0%;-0.0%', halign='center')
        r += 1
    r += 2
    r = _u6_decomposition_block(ws, r, n, fy_list, panel)
 
    # ── Portfolio shares by Outcome ───────────────────────────────────────
    ws.merge_cells(f'A{r}:{get_column_letter(n + 3)}{r}')
    ws.cell(row=r, column=1,
            value='Portfolio Share by Primary Outcome (% of Total Expenditure)'
            ).font = _font(bold=True, size=12, color=DEEP_BLUE)
    r += 1
    _header_row(ws, r, ['Outcome'] + fy_list + ['\u0394 Share'],
                widths=[42] + [16] * n + [16])
    r += 1
    outcomes = sorted(panel['Outcome'].dropna().unique())
    for outcome in outcomes:
        _cell(ws, r, 1, outcome, bold=True)
        shares = []
        for ci, fy in enumerate(fy_list, 2):
            fy_total = panel.loc[panel['FY'] == fy, 'Total'].sum()
            o_total = panel.loc[(panel['FY'] == fy) & (panel['Outcome'] == outcome), 'Total'].sum()
            sh = o_total / fy_total if fy_total > 0 else 0
            _cell(ws, r, ci, sh, fmt='0.0%', halign='center')
            shares.append(sh)
        if len(shares) >= 2:
            _cell(ws, r, n + 2, shares[-1] - shares[0], fmt='+0.0%;-0.0%', halign='center')
        r += 1
    r += 2
 
    # ── Under 6 expenditure and CPC ───────────────────────────────────────
    ws.merge_cells(f'A{r}:{get_column_letter(n + 3)}{r}')
    ws.cell(row=r, column=1,
            value='Under 6 vs Not Under 6: Expenditure & Cost per Child'
            ).font = _font(bold=True, size=12, color=DEEP_BLUE)
    r += 1
    _header_row(ws, r, ['Group'] + fy_list + ['Change'],
                widths=[42] + [18] * n + [18])
    r += 1
 
    cpc_fn = lambda p, fy: p[(p['FY'] == fy) & (p['NServed'] > 0) &
                              (p['NServed'] <= NSERVED_IMPLAUSIBLE)]
 
    for u6 in ['Under 6', 'Not Under 6']:
        for mname, col_key, fmt in [
            (f'{u6} \u2014 Total $', 'Total', '$#,##0'),
            (f'{u6} \u2014 State $', 'State', '$#,##0'),
        ]:
            _cell(ws, r, 1, mname, bold=True)
            vals = []
            for ci, fy in enumerate(fy_list, 2):
                v = panel[(panel['FY'] == fy) & (panel['Under6'] == u6)][col_key].sum()
                _cell(ws, r, ci, v, fmt=fmt, halign='right')
                vals.append(v)
            if len(vals) >= 2:
                _cell(ws, r, n + 2, vals[-1] - vals[0], fmt=fmt, halign='right')
            r += 1
 
        # State share
        _cell(ws, r, 1, f'{u6} \u2014 State Share', bold=True)
        vals = []
        for ci, fy in enumerate(fy_list, 2):
            fdf = panel[(panel['FY'] == fy) & (panel['Under6'] == u6)]
            t, s = fdf['Total'].sum(), fdf['State'].sum()
            sh = s / t if t > 0 else 0
            _cell(ws, r, ci, sh, fmt='0.0%', halign='center')
            vals.append(sh)
        if len(vals) >= 2:
            _cell(ws, r, n + 2, vals[-1] - vals[0], fmt='+0.0%;-0.0%', halign='center')
        r += 1
 
        # Cost per child (aggregate)
        _cell(ws, r, 1, f'{u6} \u2014 Cost per Child', bold=True)
        vals = []
        for ci, fy in enumerate(fy_list, 2):
            fdf = cpc_fn(panel, fy)
            fdf = fdf[fdf['Under6'] == u6]
            v = fdf['Total'].sum() / fdf['NServed'].sum() if fdf['NServed'].sum() > 0 else 0
            _cell(ws, r, ci, v, fmt='$#,##0', halign='right')
            vals.append(v)
        if len(vals) >= 2 and vals[0] > 0:
            _cell(ws, r, n + 2, vals[-1] - vals[0], fmt='$#,##0', halign='right')
        r += 1
 
        # Median cost per child (program-level median)
        _cell(ws, r, 1, f'{u6} \u2014 Median CPC', bold=True)
        vals = []
        for ci, fy in enumerate(fy_list, 2):
            fdf = cpc_fn(panel, fy)
            fdf = fdf[fdf['Under6'] == u6]
            v = float((fdf['Total'] / fdf['NServed']).median()) if len(fdf) > 0 else 0
            _cell(ws, r, ci, v, fmt='$#,##0', halign='right')
            vals.append(v)
        if len(vals) >= 2 and vals[0] > 0:
            _cell(ws, r, n + 2, vals[-1] - vals[0], fmt='$#,##0', halign='right')
        r += 1
    r += 2
 
 
    # ── Slope distributions (descriptive, no bootstrap) ───────────────────
    for title, dv_col, filter_rule in [
        ('Program-Level Slope Distribution (log Total)', 'logTotal', None),
        ('Program-Level Slope Distribution (log State)', 'logState', 'state_pos'),
        ('CPC Slope Distribution (log Total CPC)',       'logCPC',   'cpc_valid'),
        ('State CPC Slope Distribution (log State CPC)', 'logSCPC',  'scpc_valid'),
    ]:
        ws.merge_cells(f'A{r}:{get_column_letter(n + 3)}{r}')
        ws.cell(row=r, column=1, value=title).font = _font(
            bold=True, size=12, color=DEEP_BLUE)
        r += 1
        sdf = compute_program_slopes(panel, dv_col, filter_rule)
        sl = sdf['slope'].values if len(sdf) > 0 else np.array([0.0])
        for name, val, fmt in [
            ('Programs with slopes', len(sl), '#,##0'),
            ('Median annual % change', np.median(sl), '0.0%'),
            ('Mean annual % change', np.mean(sl), '0.0%'),
            ('SD of slopes', np.std(sl), '0.0%'),
            ('25th percentile', np.percentile(sl, 25), '0.0%'),
            ('75th percentile', np.percentile(sl, 75), '0.0%'),
        ]:
            _cell(ws, r, 1, name, bold=True)
            _cell(ws, r, 2,
                  float(val) if isinstance(val, (np.floating, np.integer)) else val,
                  fmt=fmt, halign='right')
            r += 1
        r += 1
 
 


10. Entry Point
The main function iterates over the three analysis windows. For each window, it loads the analytical panel (with the window-appropriate episodic filter), runs all three standard groupings (Focus, Outcome, Under-6), runs the TEIS-excluded sensitivity analysis for Focus, writes the summary and descriptive sheets, and saves the output workbook. Paths can be overridden via environment variables (RM_INPUT, RM_OUT_DIR) for testing. The total output is three workbooks containing six sheets each: three grouping sheets, one TEIS sensitivity sheet, one summary, and one descriptive context.
📎 Methods Reference: See Methodology §10 (Exploratory Framing): 315 total tests across all groupings, DVs, and windows. No multiplicity correction is applied; findings are interpreted by replication across conditions.
# ══════════════════════════════════════════════════════════════════════════
# MAIN
# ══════════════════════════════════════════════════════════════════════════
 
def main():
    input_file = os.environ.get('RM_INPUT', INPUT_FILE)
    out_dir = os.environ.get('RM_OUT_DIR', OUT_DIR)
 
    ci_label = 'BCa' if CI_METHOD == 'bca' else 'Percentile'
    print(f'CI method: {ci_label}  |  B={B:,}  |  alpha={ALPHA}')
 
    for wkey, wcfg in WINDOWS.items():
        label = wcfg['label']
        fy_list = wcfg['fy_list']
        min_act = min_active_for_window(len(fy_list))
 
        print(f'\n{"=" * 70}')
        print(f'  Window: {label}  (min_active={min_act}/{len(fy_list)} yrs)')
        print(f'{"=" * 70}')
 
        # Load panel
        print('  Loading panel...')
        panel = load_panel(input_file, fy_list, min_act)
 
        n_progs = panel.groupby(['Agency', 'Program']).ngroups
        n_cpc = panel[(panel['NServed'] > 0) & (panel['NServed'] <= NSERVED_IMPLAUSIBLE)
                       ].groupby(['Agency', 'Program']).ngroups
        print(f'  Panel: {len(panel)} obs, {n_progs} programs, {n_cpc} with CPC data')
 
        # Episodic count for notes
        panel_all = load_panel(input_file, fy_list, min_active=0)
        episodic_count = panel_all.groupby(['Agency', 'Program']).ngroups - n_progs
 
        wb = Workbook()
        wb.remove(wb.active)
        all_results = []
 
        # ── Standard groupings ────────────────────────────────────────────
        for group_col, group_label in GROUPINGS:
            print(f'  Building {group_label}...')
            vs_rest_list = write_grouping_sheet(
                wb, group_col, group_label, panel, label, episodic_count)
            all_results.append((group_label, vs_rest_list))
 
        # ── TEIS-excluded sensitivity (Focus only) ────────────────────────
        print(f'  Building Programmatic Focus (excl TEIS)...')
        panel_excl = panel[~((panel['Focus'] == 'Early Intervention') &
                              panel['Program'].apply(_is_teis))].copy()
        n_removed = len(panel) - len(panel_excl)
        print(f'    Removed {n_removed} TEIS obs from Early Intervention')
        vs_rest_teis = write_grouping_sheet(
            wb, 'Focus', 'Programmatic Focus (excl TEIS)',
            panel_excl, label, episodic_count)
        all_results.append(('Programmatic Focus (excl TEIS)', vs_rest_teis))
 
        # ── Summary and Descriptive ───────────────────────────────────────
        print('  Summary...')
        write_summary_sheet(wb, all_results, label)
        print('  Descriptive Context...')
        write_descriptive_sheet(wb, panel, label, fy_list)
 
        # Save
        out_path = os.path.join(out_dir, wcfg['out_file'])
        os.makedirs(os.path.dirname(out_path), exist_ok=True)
        wb.save(out_path)
        print(f'  Saved {out_path} ({len(wb.sheetnames)} sheets)\n')
 
    print('All workbooks complete.')
 
 
if __name__ == '__main__':
    main()
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