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Abstract 

Title of Dissertation:  

Budgetary Impact of TRICARE Antidiabetic Drug Formulary Changes 

 

Anna Hung, Doctor of Philosophy, 2018  

 

Dissertation directed by: C. Daniel Mullins, Chair and Professor, Department of 

Pharmaceutical Health Services Research, University of Maryland School of Pharmacy 

 

Background: There is guidance on how to conduct budget impact analyses (BIA) from 

the International Society of Pharmacoeconomics and Outcomes Research (ISPOR). 

However, there is a growing need to ensure that budget impact models are valid, 

accurate, and usable to payers. In 2016, the Defense Health Agency implemented 

antidiabetic formulary changes to the TRICARE pharmacy benefit. The goal of this 

dissertation is to predict and validate the budget impact of these formulary changes. 

 

Objective: The specific objectives of this study were to: i) estimate the annual financial 

consequences of antidiabetic formulary changes from the TRICARE payer perspective 

using TRICARE claims data over three years; ii) assess the face validity, internal 

validity, and predictive validity of the model; and iii) identify and compare cost drivers of 

both the budget and the budget impact identified through the model versus the empirical 

analysis. 

 



Methods: Following the ISPOR BIA guidance, a budget impact model was created in 

Microsoft Excel®. The counterfactual was predicted using autoregressive integrated 

moving average models. One year after the formulary changes, actual utilization was 

used to determine the realized budget and compare this to what was predicted in the 

budget impact model. Cost drivers were determined through one-way sensitivity 

analyses, subgroup analyses, and the comparison of utilization versus price in the model 

versus the empirical analysis. 

 

Results: In the year after the formulary changes, the model predicted a lower budget 

impact than what was realized ($24 million in savings versus $49 million in savings). 

Meanwhile, the model predicted a higher annual budget than what was realized ($686 

million versus $609 million). The higher-than-predicted savings was largely due to lower 

utilization seen in the empirical analysis compared to the model. The antidiabetic drug 

classes that contributed most to these savings were the dipeptidyl peptidase-4 inhibitors, 

glucagon-like receptor-1 agonists, and sodium-glucose cotransporter 2 inhibitors. 

 

Conclusion: Future budget impact models should be validated by waiting at least one 

year and comparing model predictions to what is realized. The end user of the model 

should also be involved in the process of creating the model. 
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Chapter One 
 

Diabetes Mellitus 
 

Epidemiology and Cost Burden 

 

Diabetes is estimated to affect 29.1 million people, or 9.3% of the United States (US) 

population.1 Of these, 21 million have been diagnosed and 8.1 million are undiagnosed.1  

 

The incidence and prevalence of diagnosed diabetes among adults was relatively stable 

from 1980 to 1990 at an incidence of 0.4% and prevalence of 4% (Figure 1.1).2 The 

incidence and prevalence then steadily increased to 0.85% and 9% in 2008, respectively 

(Figure 1.1).2 Since 2008, the incidence decreased to 0.65% and the prevalence has 

stayed at 9% (Figure 1.1).2 

Figure 1.1. Trends in Incidence and Prevalence of Diagnosed Diabetes Among 

Adults Aged 20-79, United States, 1980-2014* 

 

Source: National Diabetes Surveillance System, 2016 

*Excerpt extracted from Centers for Disease Control Diabetes At A Glance, 20162  

 

 



2 

 

In the US, the total cost of diabetes in 2012 was estimated as $245 billion.1 Direct 

medical costs contributed $176 billion while indirect costs, including disability, work 

loss, and premature death, accounted for $69 billion.1 After adjusting for age and sex 

differences, people with diabetes had average medical expenditures that were 2.3 times 

higher than people without diabetes.1  

 

By Age and Sex, in Adults 

Among US adults 20 years or older, diabetes (diagnosed and undiagnosed) is estimated to 

affect 28.9 million, or 12.3% of the population.1 In 2012, there were 1.7 million new 

diabetes cases, or an incidence rate of 7.8 per 1,000.1 A larger proportion of the older age 

group, those 65 years or older (25.9%, or 11.2 million), have diabetes compared to 

younger age groups, such as those 45-64 years (16.2%, or 13.4 million) or 20-44 years 

(4.1%, or 4.3 million).1 However, the rate of new diabetes cases was slightly higher in the 

45-64 years age group (12 per 1,000) compared to the 65 years or older age group (11.5 

per 1,000), and these rates were much higher than for those 20-44 years (3.6 per 1,000).1 

A greater proportion of men (13.6%, or 15.5 million) have diabetes compared to women 

(11.2%, or 13.4 million).1 

 

By Race/Ethnicity, in Adults 

The proportion of American Indians/Alaska Natives with diabetes in is twice that of Non-

Hispanic whites (15.9% versus 7.6%; Figure 1.2). After American Indians/Alaska 

Natives, Non-Hispanic blacks (13.2%), then Hispanics (12.8%), and then Asian 

Americans (9%) have the greatest proportion of adults with diabetes.1  
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Within the Hispanic adult population, the age-adjusted rate of diagnosed diabetes was 

8.5% for Central and South Americans, 9.3% for Cubans, 13.9% for Mexican Americans, 

and 14.8% for Puerto Ricans. Within the Asian American population, the age-adjusted 

rate of diagnosed diabetes was 4.4% for Chinese, 11.7% for Filipinos, 13.0% for Asian 

Indians, and 8.8% for other Asians. Within the American Indian/Alaska Native adult 

population, the age-adjusted rate of diagnosed diabetes varied by region from 6.0% 

among Alaska Natives to 24.1% among American Indians in southern Arizona.1  

 

By Type, in Adults 

It is estimated that of all diagnosed cases of adult diabetes, approximately 90-95% is type 

2 diabetes and 5% is type 1.1  

 

By Geographical Area, in Adults 

Age-adjusted rates of diagnosed diabetes are higher in more of the Southeast of the US 

(11.2 per 100 and above) compared with the rest of the country (Figure 1.2).3   
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Figure 1.2. County-Level Distribution of Diagnosed Diabetes Rates in US Adults, 

2012* 

 

*Excerpt extracted from Centers for Disease Control Diabetes Report Card, 20143  

 

By Age, Race/Ethnicity, and Type, in Youth 

The majority of diabetes in youth <10 years is type 1, whereas in 10-19 year-olds, type 2 

diabetes represents a larger proportion of diabetes cases, especially in American Indians/ 

Alaska Natives, Non-Hispanic Blacks, Asians/Pacific Islanders, and Hispanics.1 The rates 

of new type 2 diabetes cases are generally higher for 10-19 year-olds (approximately 10 

per 100,000 per year across all races/ethnicities, and ranging from 5 to 30 per 100,000 
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depending on race/ethnicity) as compared to <10 year-olds (approximately 1 per 100,000 

per year across all race/ethnicities, and ranging from 0 to 5 per 100,000 per year 

depending on race/ethnicity).1 

 

Types, Pathophysiology, and Risk Factors 

 

Diabetes is a “group of diseases marked by high levels of blood glucose resulting from 

problems in how insulin is produced, how insulin works, or both.”1 

Three major types of diabetes are type 1, type 2, and gestational. Other types of diabetes, 

including maturity-onset diabetes of youth, neonatal diabetes, latent autoimmune diabetes 

in adults, and cystic-fibrosis related diabetes, are caused by specific genetic conditions, 

surgery, medications, infections, pancreatic disease, or other illnesses, and account for 1-

5% of all diagnosed cases.1  

 

Type 1 diabetes occurs when beta cells in the pancreas are destroyed by the body’s 

immune system, and limited in ability or completely unable to produce insulin.1  

 

Type 2 diabetes usually starts with insulin resistance, which is when cells in the muscles, 

liver, and fat tissue do not use insulin properly. As the body’s needs for insulin increases, 

the beta cells in the pancreas gradually lose their ability to produce enough insulin. The 

role of insulin resistance versus defect in insulin secretion in each type 2 diabetic’s 

disease varies. Risk factors for type 2 diabetes include older age, obesity, family history 

of diabetes, history of gestational diabetes, impaired glucose metabolism, physical 

inactivity, and race/ethnicity. Races/ethnicities at particularly high risk of type 2 diabetes 
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include African Americans, Hispanic/Latinos, American Indians, some Asians, and 

Native Hawaiians or other Pacific Islanders.1  

 

Gestational diabetes is defined as diabetes diagnosed during the second or third trimester 

of pregnancy that is not clearly overt diabetes.4 It should be treated because increased 

levels of blood sugar during pregnancy increase the risk of complications for both mother 

and fetus. Gestational diabetes is a risk factor for type 2 diabetes, and approximately 5-

10% of women with gestational diabetes are later diagnosed with diabetes, usually type 2. 

Risk factors for gestational diabetes are similar to those of type 2 diabetes.1  

 

 

Diagnosis 

 

Diabetes is diagnosed based on meeting at least one of the following criteria:5,6  

 Hemoglobin A1c ≥6.5%* 

 Fasting plasma glucose ≥126 mg/dL* 

 2-hour plasma glucose ≥200 mg/dL during an oral glucose tolerance test* 

 In a patient with classic symptoms of hyperglycemia or hyperglycemic crisis, a 

random plasma glucose ≥200 mg/dL  

*In the absence of unequivocal hyperglycemia, results should be confirmed by repeat 

testing 
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Compared to type 2 diabetes, type 1 diabetes often presents earlier in life (childhood and 

adolescence) and with ketoacidosis and/or severe hyperglycemia. Although infrequently 

done, type 1 can be distinguished from type 2 diabetes by testing for the presence of one 

or more of the following autoimmune markers:6  

- Islet cell autoantibodies 

- Autoantibodies to GAD (GAD65) 

- Autoantibodies to the tyrosine phosphatases IA-2 and IA-2β 

- Autoantibodies to zinc transporter 8 (ZnT8) 

 

Gestational diabetes is diagnosed during the second or third trimester of pregnancy, with 

either of two strategies:6  

1. “One-step” 75-gram oral glucose tolerance test, or 

2. “Two-step” approach with a 50-gram (nonfasting) screen followed by a 100-g 

oral glucose tolerance test for those who screen positive 

 

Diabetes-related Complications 

 

Diabetes can lead to microvascular and macrovascular complications, as well as 

hyperglycemia and hypoglycemia. 

 

In 2010, diabetes was listed as the underlying cause of death on 69,071 death certificates, 

making diabetes the seventh leading cause of death in the US.1 However, it is believed 

that diabetes is underreported as a cause of death.1  
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Microvascular complications 

Microvascular complications of diabetes include retinopathy, nephropathy, and 

neuropathy (sensory includes foot lesions; autonomic includes sexual dysfunction and 

gastroparesis).4 Blood glucose control reduces the risk of such complications.1 

 

Between 2005 and 2008, 4.2 million (28.5%) and 655,000 (4.4%) of adults 40 years and 

older with diabetes had diabetic retinopathy and advanced diabetic retinopathy.1  

 

In 2011, diabetes was the primary cause of kidney failure in 44% of all new cases, and 

49,677 people of all ages started treatment for kidney failure caused by diabetes.1  

In 2010, approximately 73,000 non-traumatic lower-limb amputations, or 60% of all non-

traumatic lower-limb amputations, were performed in adults aged 20 years or older with 

diabetes.1  

 

Macrovascular complications 

Macrovascular complications of diabetes include coronary heart disease, cerebrovascular 

disease, and peripheral arterial disease.4  

 

In 2010, after adjusting for age, hospitalization rates were 1.8 and 1.5 times higher for 

heart attack and stroke, respectively, in adults 20 years or older with diabetes compared 

to those without diabetes.1  
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Hyperglycemia and Hypoglycemia 

If diabetes is not managed properly, hyperglycemic crisis, such as diabetic ketoacidosis 

and hyperglycemic hyperosmolar state, can occur. In 2011, approximately 175,000 

emergency room visits for people of all ages had hyperglycemic crisis listed as the first 

diagnosis.1 Among adults, hyperglycemic crisis caused 2,361 deaths in 2010.1  

 

Hypoglycemia can also occur, especially if diabetes is overtreated. In 2011, 

approximately 282,000 emergency room visits for adults aged 18 years or above had 

hypoglycemia listed as the first diagnosis and diabetes as another diagnosis.1  

 

Trends 

From 1990 to 2010, trends in the rates of diabetes complications among US adults fell:3  

 By >60% for heart attacks (from approximately 140 to 50 per 10,000 adults with 

diagnosed diabetes) and deaths (from approximately 4 to 1 per 10,000 adults with 

diagnosed diabetes) due to hyperglycemic crisis  

 By approximately 50% for strokes (from approximately 110 to 60 per 10,000 

adults with diagnosed diabetes) and amputations of the legs and feet (from 

approximately 60 to 30 per 10,000 adults with diagnosed diabetes) 

 By approximately 30% for kidney failure (from approximately 30 to 20 per 

10,000 adults with diagnosed diabetes) 
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Common Comorbid Conditions  

 

Obesity, hypertension, and dyslipidemia are the most common comorbid conditions for 

diabetes patients. Between 2009 and 2012, large proportions of diabetic adults 18 years 

or above had hypertension (71%) and dyslipidemia (65%).1  

 

Other comorbid conditions include obstructive sleep apnea, fatty liver disease, cancer 

(possibly only type 2 diabetes), fractures, cognitive impairment, low testosterone in men, 

more severe periodontal disease, and hearing impairment.6  

 

Treatment and Management 

 

A1c Goals and Testing Frequency 

A1c reflects average blood sugar levels over three months and has strong predictive value 

for diabetes complications.6 Specifically, lowering A1c to ≤7% has been shown to 

decrease microvascular complications of diabetes; it is also associated with reducing 

macrovascular complications, but only if implemented soon after the diagnosis of 

diabetes.4 However, A1c does not provide a measure of glycemic variability or 

hypoglycemia. Thus, in patients who have variability in blood sugar levels, blood sugar 

control is best evaluated by a combination of both A1c testing and self-monitoring of 

blood glucose.6  

 

2016 American Diabetic Association (ADA) and 2015 American Association of Clinical 

Endocrinologists (AACE) guidelines differ in recommended treatment goals. One major 
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difference is an A1c treatment goal of <7% versus ≤6.5%, respectively.5,6 However, both 

mention ADA and AACE guidelines recommend individualizing glycemic treatment 

goals based on duration of disease, age, and comorbidities.5,6  

 

A1c testing is recommended at least twice per year in patients who are meeting treatment 

goals. A1c testing is recommended quarterly in patients whose therapy has changed, or 

not at target.5,6  

 

Treatment by Type 

Type 1 diabetes is treated by multiple-dose insulin injections (three to four injections per 

day of basal and prandial insulin) or continuous subcutaneous insulin infusion.5,6 

Pramlintide, an amylin analog, is also approved for type 1 diabetes. It has been shown to 

induce weight loss and lower insulin dose.6  

 

Type 2 diabetes is treated by diet, regular physical activity, insulin, and other 

medications. Metformin is the preferred initial pharmacological agent, whether as 

monotherapy, or as part of combination therapy (Figures 1.3-1.4).6,7 If maximally 

tolerated doses of noninsulin therapy fails to maintain the A1c target after 3 months, it is 

recommended to add another oral agent, glucagon-like peptide-1 receptor agonist 

(GLP1RA), or basal insulin in a stepwise approach (Figures 1.3-1.4).6,7 If A1c goals are 

still not met after triple therapy, ADA guidelines recommend an injectable (like 

GLP1RA) if previously on oral agents; basal insulin if previously on GLP1RA; or 

GLP1RA or mealtime (prandial) insulin if previously on optimally titrated basal insulin 



12 

 

(Figure 1.3).6 Meanwhile, AACE guidelines more generally recommend starting basal 

insulin or adding mealtime insulin (Figure 1.4).6  

 

Not all patients start on monotherapy. In patients with higher A1c levels, dual or triple 

combination therapy with or without insulin should be considered as initial treatment. 

ADA and AACE guidelines have slight discrepancies. According to ADA guidelines, 

dual combination therapy should be considered for patients with A1c ≥9%.6 In patients 

markedly symptomatic and/or with elevated blood glucose levels (≥300-350 mg/dL) or 

A1c (≥10-12%), combination therapy with insulin should be considered.6 Meanwhile, 

according to AACE guidelines, dual or triple combination therapy should be started in 

asymptomatic patients with A1c >9%, and dual therapy should even be considered for 

patients with A1c ≥7.5% (Figure 1.4).7 In symptomatic patients with A1c >9%, insulin 

should be considered as part of combination therapy (Figure 1.4).7  

 

The ADA and AACE both recommend a patient-centered approach to guide selection of 

pharmacological agents in combination therapy; however, there are discrepancies in their 

algorithms (Figures 1.3 versus 1.4, respectively).6,7 In dual therapy, ADA guidelines 

recommend metformin with either a sulfonylurea (SU), thiazolidinedione (TZD), 

dipeptidyl peptidase-4 inhibitor (DPP4I), sodium-glucose co-transporter 2 inhibitor 

(SGLT2I), GLP1RA, or basal insulin (Figure 1.3), and no ranking is provided.6 In the 

text, ADA guidelines also mention the option of substituting meglitinide (GLN) for SU in 

patients with irregular meal schedules or those who develop late postprandial 

hyperglycemia on a sulfonylurea.6 ADA guidelines additionally mention that four other 
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drug classes (alpha-glucosidase inhibitors (AGI), colesevelam, bromocriptine, and 

pramlintide) may be used in specific situations, but that they are not generally favored 

due to side effects, dosing frequency, or modest efficacy.6 Meanwhile, AACE guidelines 

recommend the following agents, in the following order: GLP1RA, SGLT2I, DPP4I, 

TZD, basal insulin, colesevelam, bromocriptine quick-release, AGI, and SU or GLN 

(Figure 1.4).7   

 

For patients who need insulin, basal insulin alone is the recommended initial treatment. If 

basal insulin is not enough, mealtime (prandial) insulin can be added. Algorithms on how 

to start and adjust dosing are provided in ADA and AACE guidelines.6,7 Noninsulin 

agents can be continued with insulin therapy; however, SUs, DPP4Is, and GLP1RAs are 

typically stopped when more complex insulin regimens beyond basal insulin alone are 

used.6 For patients who are unable to reach A1c treatment goals and continue to require 

increasing insulin doses, adjunctive use of TZD (usually pioglitazone) and SGLT2I may 

help to improve control and reduce insulin dose.6 Insulin is eventually indicated for many 

patients with type 2 diabetes because of the progressive nature of the disease.6  

 

Blood pressure and cholesterol management, smoking cessation, and influenza, 

pneumococcal, and hepatitis B vaccinations (in patients 19 – 59 years of age, and 

possibly 60 years of age and older), are also recommended.6  
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Figure 1.3. 2016 ADA Antihyperglycemic Therapy in Type 2 Diabetes: General 

Recommendations* 

  

The order in the chart was determined by historical availability and the route of administration, with 

injectables to the right; it is not meant to denote any specific preference. Potential sequences of 

antihyperglycemic therapy for patients with type 2 diabetes are displayed, with the usual transition moving 

vertically from top to bottom (although horizontal movement within therapy stages is also possible, 

depending on the circumstances). DPP-4-I, DPP-4 inhibitor; fxs, fractures; GI, gastrointestinal; GLP-1-RA, 

GLP-1 receptor agonist, GU, genitourinary; HF, heart failure; Hypo, hypoglycemia; SGLT2-I, SGLT2 

inhibitor; SU, sulfonylurea; TZD, thiazolidinedione. *See ref. 17 for description of efficacy categorization. 
†Consider starting at this stage when A1c is ≥9%. ‡Consider starting at this stage when blood glucose is 

≥300-350 mg/dL (16.7-19.4mmol/L) and/or A1c is ≥10-12%, especially if symptomatic or catabolic 

(weight loss, ketosis) features are present, in which case basal insulin + mealtime insulin is the preferred 

initial regimen. §Usually a basal insulin (NPH, glargine, detemir, degludec). Adapted with permission from 

Inzucchi et al. 

 

*American Diabetes Association. Approaches to Glycemic Treatment, American Diabetes Association, 

2016. Copyright and all rights reserved. Material from this publication has been used with the permission 

of American Diabetes Association.6  
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Figure 1.4. 2016 AACE Glycemic Control Algorithm* 

  

*Reprinted with permission from American Association of Clinical Endocrinologists © 2016 

AACE.  Endocr Pract.2016;22: 84-113.7  

 

 

 

Gestational diabetes is treated by diet, regular physical activity, or insulin.1 Randomized 

controlled trials also support the efficacy and short-term safety of glyburide and 

metformin; however, both agents cross the placenta, and long-term safety data are not 

available. Thus, insulin is the preferred agent.6 Of note, 70-85% of women are able to 

control gestational diabetes with diet and physical activity alone.6  
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Treatment Patterns 

Between 2010 and 2012, 56.9% (11.9 million) of adult diabetic patients used oral 

medication only for treatment, whereas approximately 14-15% (2.9-3.1 million) fell into 

each of the following treatment groups: insulin alone, used both insulin and oral 

medication, or neither insulin nor oral medication.1  

 

Preventative Management 

Healthy People 2020 Targets for preventative diabetes management include:3  

 Dilated eye exam annually 

 A1c ≥2 times per year 

 Foot exam annually 

 Daily self-monitoring of blood glucose 

 Diabetes self-management class 

 

Treatment of Hypoglycemia 

Hypoglycemia is defined as any blood glucose <70 mg/dL.5 Severe hypoglycemia is 

defined as any that requires assistance from another person to administer carbohydrates 

or glucagon or take other correction action.5  

 

The preferred treatment for a conscious individual with hypoglycemia is glucose (15-20 

grams); however, any form of carbohydrate that contains glucose may be used. If self-

monitoring of blood glucose shows continued hypoglycemia 15 minutes after treatment, 

treatment should be repeated.6  
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If the patient is unable to swallow or is unresponsive, subcutaneous or intramuscular 

glucagon or intravenous glucose should be given.5,6  

 

Treatment of Hyperglycemia 

Insulin is the preferred treatment for hyperglycemia.6  

Pharmacologic Treatment Options 

Tables 1-2 below provide a summary of available drug classes for type 2 diabetes and 

their properties. When prescribing these agents, providers must consider benefits and 

risks. These tables will also be helpful in understanding and predicting utilization trends. 

Below we review each drug class, in the order presented by AACE guidelines (Table 

1.2). 

 

Biguanide 

Metformin is the only biguanide, and it lowers blood glucose primarily by lowering 

hepatic glucose production (Table 1.1). It is contraindicated in patients with renal disease 

(serum creatinine levels ≥1.5 mg/dL in males and ≥1.4 mg/dL in females, or abnormal 

creatinine clearance levels) or acute or chronic metabolic acidosis.8 Advantages of 

metformin include slight weight loss, extensive experience, no hypoglycemia, 

cardiovascular benefit, and low cost due to generic availability (Tables 1.1-1.2). 

Disadvantages include moderate gastrointestinal side effects such as diarrhea and 

cramping, vitamin B12 deficiency, and a rare risk of lactic acidosis (Tables 1.1-1.2).  
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GLP1RA 

There are five GLP1RAs on the US market: exenatide, exenatide extended-release, 

liraglutide, albiglutide, and dulaglutide (Table 1.1). Lixisenatide is a sixth GLP1RA 

which was approved by the Food and Drug Administration Jul 27, 2016, but is not yet 

available on the US market.9 GLP1RAs lower blood glucose by: i) increasing insulin 

secretion, ii) decreasing glucagon secretion, iii) slowing gastric emptying, and iv) 

increasing satiety (Table 1.1). Advantages of GLP1RAs include weight loss, no 

hypoglycemia, decreases in postprandial excursions, and decreases in some 

cardiovascular risk factors (Tables 1.1-1.2). Disadvantages include moderate 

gastrointestinal side effects, including nausea, vomiting, and diarrhea, injectable route of 

administration, and therefore training requirements, increased heart rate, increased risk of 

C-cell hyperplasia or medullary thyroid tumors (seen in animals, uncertain if this is also 

true for humans), a potential increased risk of pancreatitis, and higher cost due to no 

generic availability (Tables 1.1-1.2). Among agents within this class, exenatide’s label 

specifically states that it should not be used in renally impaired patients with a creatinine 

clearance of <30mL/min (Table 1.2). 

 

SGLT2I 

There are three SGLT2I compounds: canagliflozin, dapagliflozin, and empagliflozin 

(Table 1.1). SGLT2Is lower blood glucose by blocking glucose reabsorption by the 

kidney. Advantages of SGLT2Is include no hypoglycemia, weight loss, and decrease in 

blood pressure (Tables 1.1-1.2). Disadvantages include genital mycotic infections and 

urinary tract infections, polyuria, volume depletion/hypotension/dizziness, increased low-
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density lipoprotein cholesterol, increased transient creatinine and lack of effectiveness in 

those with an estimated glomerular filtration rate of <45 mL/min/m2, and higher cost due 

to no generic availability (Tables 1.1-1.2). Among compounds within this class, 

empagliflozin was found to lower the cardiovascular event rate and mortality in a long-

term cardiovascular outcome trial (Table 1.1). 

 

DPP4I 

There are four DPP4I compounds in the US: sitagltipin, saxagliptin, linagliptin, and 

alogliptin (Table 1.1). DPP4Is lower blood glucose by increasing insulin secretion and 

lowering glucagon secretion. Advantages of DPP4Is include no hypoglycemia and well 

tolerated (Tables 1.1-1.2). Disadvantages of DPP4Is include a potential risk of 

pancreatitis and heart failure hospitalizations, immune-mediated allergic dermatological 

effects, and higher cost due to no generic availability (Table 1.1). Dose adjustment is 

needed in renally impaired patients for all DPP4Is except linagliptin (Table 1.2). 

 

AGI 

There are two AGI compounds: acarbose and miglitol, and they lower blood glucose by 

slowing intestinal carbohydrate digestion and absorption (Table 1.1). Advantages of 

AGIs include no hypoglycemia, not being systemic, lowering postprandial glucose 

excursions, possibly lowering cardiovascular events, and low to moderate cost due to 

generic availability of both compounds (Table 1.1). Disadvantages include moderate 

gastrointestinal side effects, such as flatulence and diarrhea, frequent dosing 

administration, and only moderate efficacy in lowering A1c (Tables 1.1-1.2). 
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TZD 

There are two TZD compounds: pioglitazone and rosiglitazone, and they lower blood 

glucose by increasing the body’s sensitivity to insulin (Table 1.1). Advantages of TZDs 

include no hypoglycemia, increase in high-density lipoprotein cholesterol, and low cost 

due to generic availability of pioglitazone (Table 1.1). Disadvantages include increased 

weight, moderate risk of edema/heart failure, and moderate bone fracture risk (Tables 

1.1-1.2). When comparing within the drug class, pioglitazone is more favorable than 

rosiglitazone. Pioglitazone lowers triglycerides and may lower cardiovascular risk, while 

rosiglitazone increases low-density lipoprotein cholesterol and may increase heart attacks 

(Table 1.1). 

 

SU 

There are three second generation SU compounds: glipizide, glyburide, and glimepiride 

(Table 1.1). SUs lower blood glucose by increasing insulin secretion (Table 1.1). 

Advantages include extensive experience, lowering microvascular risk, and low cost due 

to generic availability (Table 1.1). However, major disadvantages include moderate to 

severe risk of hypoglycemia and weight gain (Tables 1.1-1.2). In those with renal 

impairment, there is an even larger risk of hypoglycemia (Table 1.2). 

 

GLN  

There are two GLN compounds: repaglinide and nateglinide, and they lower blood 

glucose by increasing insulin secretion (Table 1.1). Advantages of GLNs include 
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lowering postprandial glucose excursions, dosing flexibility, and moderate cost due to 

generic availability (Table 1.1). Disadvantages include weight gain, mild hypoglycemia 

risk, and frequent dosing schedule (Tables 1.1-1.2). 

 

Bile acid sequestrant 

Colevelam is the only bile acid sequestrant used for type 2 diabetes mellitus (Table 1.1). 

It is indicated as adjunct treatment for type 2 diabetes mellitus. Advantages include no 

hypoglycemia and lowering of low-density lipoprotein cholesterol (Table 1.1). 

Disadvantages include modest A1c efficacy, mild gastrointestinal side effects such as 

constipation, increase in triglycerides, potentially lower absorption of other medications, 

and high cost due to no generic availability (Tables 1.1-1.2). 

 

Dopamine-2 agonist 

Bromocriptine quick release is the only dopamine-2 agonist used for type 2 diabetes 

mellitus, and it works by modulating the hypothalamic regulation of metabolism and 

increasing the body’s sensitivity to insulin (Table 1.1). Advantages include no 

hypoglycemia and a potential reduction in cardiovascular events (Tables 1.1-1.2). 

Disadvantages include modest A1c efficacy, moderate gastrointestinal side effects such 

as nausea, other side effects such as fatigue, dizziness, and rhinitis, and high cost due to 

no generic availability (Tables 1.1-1.2). 
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Insulin 

There is a large variety of insulins available: rapid-acting (insulin lispro, aspart, glulisine, 

and inhaled insulin), short-acting (regular insulin), intermediate-acting (insulin neutral 

protamine hagedorn), long-acting or basal (insulin glargine and detemir), and premixed 

combinations (Table 1.1). Insulin lowers blood glucose by increasing glucose disposal, 

decreasing hepatic glucose production, and suppressing ketogenesis (Table 1.1). 

Advantages include nearly universal response and decreased microvascular risk (Table 

1.1). Disadvantages include moderate to severe hypoglycemia risk (and even higher risk 

in those who are renally impaired), weight gain, injection administration (excepted 

inhaled insulin) and therefore training requirements, and moderate to high cost (Tables 

1.1-1.2). Inhaled insulin may increase risk of pulmonary toxicity (Table 1.1). 

 

Amylin mimetic 

Pramlintide is the only amylin mimetic, and it lowers blood glucose by decreasing 

glucagon secretion, slowing gastric emptying, and increasing satiety (Table 1.1). 

Advantages include weight loss and decreasing postprandial glucose excursions (Table 

1.1). Disadvantages include modest A1c efficacy, moderate gastrointestinal side effects 

such as nausea and vomiting, increased risk of hypoglycemia unless insulin dose is 

simultaneously reduced, injection administration and therefore training requirements, 

frequent dosing schedule, and high cost due to lack of generic availability (Tables 1.1-

1.2).  
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Table 1.1. 2016 ADA Properties of Available Glucose-lowering Agents in the US and 

Europe that May Guide Individualized Treatment Choices in Patients with Type 2 

Diabetes* 
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Table 1.1 Continued. 

 

*American Diabetes Association. Approaches to Glycemic Treatment, American Diabetes Association, 

2016. Copyright and all rights reserved. Material from this publication has been used with the permission 

of American Diabetes Association.6   
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Table 1.2. 2016 AACE Effects of Diabetes Drug Action*  

  

*Reprinted with permission from American Association of Clinical Endocrinologists © 2016 

AACE.  Endocr Pract.2016;22: 84-113.7 
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TRICARE 
 

TRICARE Population and Plans 

 

TRICARE is the health care insurance like benefit that the Defense Health Agency 

(DHA) administers for the military, military retirees, and their dependents. TRICARE 

provides health care coverage for approximately 9.4 million beneficiaries around the 

world – including active duty service members (ADSMs- 1.4 million), active duty family 

members (ADFMs- 1.8 million), survivors of deceased ADFMs (598,000), National 

Guard and Reserve members (321,000), family members of National Guard and Reserve 

Members (511,000), retired service members (2.2 million), family members of retired 

service members (2.6 million), and others (48,000).10 

 

There are 15 TRICARE plans (Table 1.3), which can be grouped into five major 

categories- Prime (4.8 million), which is managed care, Standard and Extra (1.96 

million), which is fee-for-service, For Life (2.12 million), which is a Medicare wrap-

around for retirees with Medicare Parts A and B, plans for the non-activated Reserve 

(370,200), and plans for Young Adults (47,000).11,12 
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Table 1.3. Available TRICARE Plans11,12 
Plan Description Number of 

beneficiaries  

Prime   

TRICARE 

Prime 

A managed care option offering the most affordable and 

comprehensive coverage. An assigned primary care manager 

provides most of your care. 

4.8 million, of 

which: 

 

- ADSMs- 1.37 

million 

- ADFMs- 1.49 

million 

- Activated 

Guard/Reserve 

Members- 151,000 

- Activated 

Guard/Reserve 

Family Members- 

151,000 

- Retired Service 

Members- 585,000 

- Retired Family 

Members- 954,000 

- Survivors- 41,000 

TRICARE 

Prime 

Remote 

A managed care option offering the most affordable and 

comprehensive coverage to active duty families in remote U.S. 

locations 

TRICARE 

Prime 

Overseas 

A managed care option offering the most affordable and 

comprehensive coverage to active duty families living overseas.  

TRICARE 

Prime 

Remote 

Overseas 

A managed care option offering the most affordable and 

comprehensive coverage to active duty families in remote overseas 

locations. 

US Family 

Health 

Plan 

The US Family Health Plan is a TRICARE Prime option available 

through networks of community-based, not-for-profit health care 

systems in six areas of the US. 

143,000 

Standard 

and Extra 

  

TRICARE 

Standard 

and Extra 

A fee-for-service plan available to all non-active duty 

beneficiaries.  

Standard is the non-network benefit. Extra is the network benefit.  

1.96 million, of 

which: 

 

- ADFMs- 290,000 

- Activated 

Guard/Reserve 

Family Members- 

79,000 

- Retired Service 

Members- 545,000 

- Retired Family 

Members- 908,000 

- Survivors- 

100,000 

TRICARE 

Standard 

Overseas 

TRICARE Standard Overseas is a fee-for-service option, which 

allows you the most flexibility in getting care, but will cost you 

more out-of-pocket than one of the overseas Prime options. 

Retirees   

TRICARE 

For Life 

TRICARE For Life offers secondary coverage to TRICARE 

beneficiaries who have both Medicare Part A & B.  

2.12 million 

Reserve   

TRICARE 

Reserve 

Select 

TRICARE Reserve Select is a premium-based health plan that 

qualified National Guard and Reserve members may purchase. 

364,000 
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Table 1.3 Continued. 
TRICARE 

Retired 

Reserve 

TRICARE Retired Reserve is a premium-based health plan that 

qualified retired Reserve members and survivors may purchase. 

6,200 

Young 

Adults 

  

TRICARE 

Young 

Adult - 

Prime 

Option 

A premium-based, worldwide health plan that qualified adult 

children of eligible sponsors may purchase. 

47,000, of which: 

 

Prime option- 

28,000 

Standard option- 

18,000 

 

 

 

TRICARE 

Young 

Adult - 

Prime 

Option 

(Prime 

Remote) 

A premium-based, worldwide health plan that qualified adult 

children of eligible sponsors may purchase. 

TRICARE 

Young 

Adult - 

Prime 

Option 

(Overseas) 

A premium-based, worldwide health plan that qualified adult 

children of eligible sponsors may purchase. 

TRICARE 

Young 

Adult - 

Prime 

Option 

(USFHP) 

A premium-based, worldwide health plan that qualified adult 

children of eligible sponsors may purchase. 

TRICARE 

Young 

Adult - 

Standard 

Option 

A premium-based, worldwide health plan that qualified adult 

children of eligible sponsors may purchase. 

 

Different populations are eligible for different plans, as noted below. 

 

Active Duty Service Members and Families13  

Based on their duty station, ADSMs have one of the following plans:  

 TRICARE Prime 

 TRICARE Prime Remote 

 TRICARE Prime Overseas 
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 TRICARE Prime Remote Overseas  

In addition to the four plans listed above, active duty family members (ADFMs) may 

qualify to use one of the following plans:  

 TRICARE Standard and Extra 

 US Family Health Plan (in specific U.S. locations) 

 TRICARE For Life (with Medicare Part A & B coverage) 

 TRICARE Standard Overseas 

 TRICARE Young Adult (dependent adult children only) 

ADSMs do not have to pay copays for pharmacy or medical benefits.  

 

National Guard/Reserve Members and Families14 

National Guard/Reserve members and families are eligible based on the sponsor’s 

military status:  

 Line of duty care (when injured or severely ill in the line of duty) 

 When inactive (meaning on military duty ≤30 days) 

o Options may include TRICARE Reserve Select 

 When active (meaning on military duty ≥30 days) 

o Options are the same as for ADSMs and ADFMs 

 When deactivated  

o If originally activated in support of a contingency operation, you may 

qualify for TRICARE Reserve Select  

 When retired  
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o If the sponsor is <60 years of age, you may qualify for TRICARE Retired 

Reserve 

o If the sponsor is ≥60 years of age and in the US, you can use TRICARE 

Prime, US Family Health Plan, TRICARE Standard and Extra, and 

TRICARE for Life (for TRICARE for Life, you must be Medicare eligible 

and purchase Medicare Part B)  

o If the sponsor is ≥60 years of age and outside the US, you can use 

TRICARE Standard overseas or TRICARE for Life 

o  If the sponsor has adult children who “age out” at 21 (or 23 if attending 

college full time), they may qualify for TRICARE Young Adult 

 

Retired Service Members and Families 15 

Retired service members and their families are eligible for: 

 TRICARE Prime 

 TRICARE Standard and Extra 

 US Family Health Plan (in specific U.S. locations) 

 TRICARE For Life (with Medicare eligibility and the purchase of part B) 

 TRICARE Standard Overseas 

 Adult children who “age out” at 21 (or 23 if attending college full time) may 

qualify for TRICARE Young Adult’ 

 

Survivors16 

Coverage for family members depends on:  
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 Sponsor’s military status when he/she dies 

o Survivors of ADSMs have the same options as ADFMs for first 3 years. 

After 3 years, same options as retired family member. Exception is 

children who have ADFM coverage until they age out or lose eligibility 

for other reasons. 

o Survivors of retired service members have the same options as retired 

service members and families until they remarry or age out 

 If the surviving family member is a spouse or child 

 

Children17 

Unmarried biological, step-children and adopted children are eligible for TRICARE until 

age 21 (or 23 if attending college). After, adult children may be eligible for TRICARE 

Young Adult. If severely disabled, the child may remain eligible beyond the age limits.  

 

Others 

Other categories of beneficiaries who have varying eligibility include: former spouses, 

medal of honor recipients and families, dependent parents and parents-in-law, and foreign 

force members and families.18  

 

Other Health Insurance 

TRICARE beneficiaries can have other health insurance (OHI), except for ADSMs. 

TRICARE pays after OHI except for Medicaid, TRICARE supplements, the Indian 
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Health Service (and other federal government programs identified by the Director of 

DHA), and state victims of crime compensation programs.19  

 

When leaving active duty, TRICARE beneficiaries may also qualify for Department of 

Veterans Affairs (VA) health care benefits, if they are discharged or released under 

conditions other than dishonorable, and either of the following:20 

- Meet minimum duty requirements (at least 24 continuous months or the full 

period for which they were called to active duty), or 

- Discharged for hardship, early out, or a disability incurred or aggravated in the 

line of duty 

 

Generally, VA health care benefits cover treatment of service-connected disability or 

disease. Medical care provided at a VA facility for nonservice-connected conditions will 

be billed to private health insurance, TRICARE For Life, and/or Medicare supplemental 

health insurance.20 

 

The percentage of TRICARE beneficiaries with OHI has not been publicly reported. 

 

 

  



33 

 

Formulary Management in TRICARE 

 

Points of Service 

TRICARE beneficiaries can receive medications through three points of service: i) 

military treatment facility (MTF), ii) mail order, and iii) retail pharmacies (including 

network, non-network, and non-network overseas).  

 

At MTFs, there are no copayments (Table 1.4). At mail order, beneficiaries pay only for 

Tier 2 and Tier 3 medications ($20 and $49, Table 1.4). At a network retail pharmacy, 

beneficiaries pay $10, $24, and $50 for Tier 1, 2, and 3 medications (Table 1.4). At a 

non-network retail pharmacy, Prime beneficiaries pay 50% across all tiers, while all other 

beneficiaries pay the greater of $24 or 20% of Tier 1 and 2 medications and the greater of 

$50 or 20% of Tier 3 medications (Table 1.4). 

 

Note that there is no copayment for ADSMs at any point of service.23 

Table 1.4. Pharmacy copays or coinsurance by pharmacy type and plan23 
Pharmacy Copays / coinsurance* 

Formulary- generic 

(Tier 1) 

Formulary- brand 

name (Tier 2) 

Non-formulary (Tier 

3) 

MTF $0 $0 N/A 

Mail order $0 $20 $49 

Retail- network $10 $24 $50 

Retail- non-network Prime: 50% 

 

Other: Greater of $24 or 20%  

Prime: 50% 

 

Other: Greater of $50 

or 20%  

MTF = military treatment facility; N/A = not available 
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A study conducted by Trice et al. found that in 2007, although prescriptions filled at retail 

pharmacies only accounted for 37% (63 million 30-day equivalent prescriptions) of all 

30-day equivalent prescriptions, retail prescriptions accounted for 64% ($4,177 million) 

of the drug expenditure cost.24  

 

Since then, TRICARE has encouraged their beneficiaries to fill their prescriptions at 

MTF or mail order pharmacies. Starting March 14, 2014, TRICARE beneficiaries ≥65 

years were required to fill prescription refills (beneficiaries were allowed up to two fills 

at retail) of select maintenance medications at mail order or MTF pharmacy.25  

 

In 2015, the DHA spent $9,211 million on prescription drugs,26 a significant increase 

from the $7,736 million spent in 2014. Of this, $2,852 million was spent at mail order 

pharmacy, $1,649 was spent at MTF pharmacy, and $3,108 million was spent at retail 

pharmacy. In terms of utilization in 2015, 45.7 million prescriptions (or 79.1 million 30-

day equivalent prescriptions) were filled at MTF, 30.6 million prescriptions (or 29.6 

million 30-day equivalent prescriptions) were filled at retail, and 5.7 million prescriptions 

(or 15.9 million 30-day equivalent prescriptions) were filled at mail order pharmacy.26 

Unfortunately, the utilization numbers provided do not include the 45.3 million 

prescriptions (or 84.6 million 30-day equivalent prescriptions) filled by TRICARE For 

Life beneficiaries, who were required to receive select maintenance medications at mail 

order or MTF pharmacy beginning March 14, 2014.25,26  
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Starting October 1, 2015, TRICARE beneficiaries <65 years were also required to fill 

refills (beneficiaries were allowed up to two fills at retail) of select maintenance 

medications at mail order or MTF pharmacy.27,28 Exceptions included ADSMs and 

generics. 

 

Formulary Types 

At mail order and retail points of service, the uniform formulary (UF) dictates what drugs 

are covered. The uniform formulary consists of two tiers: Tier 1 (generic) and Tier 2 

(brand). Tier 3 is also known as non-formulary (NF). Copayments increase from Tier 1 to 

Tier 3. 

 

At the MTF point of service, there are no copayments; thus the UF and NF do not directly 

apply. Instead, the basic core formulary (BCF) and extended core formulary (ECF) 

dictate what medications are stocked. Specifically:24  

- MTFs are required to stock: 

o BCF medications 

o ECF medications, if relevant to the specialty care provided at the MTF 

- MTFs may (but are not required) to stock: 

o Tier 1 or 2 UF medications (but are not BCF or ECF medications relevant 

to the specialty care provided at the MTF) 

o ECF medications, if not relevant to the specialty care provided at the MTF 
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Formulary Decision Making Process 

While Express Scripts, Inc. administers the TRICARE pharmacy benefit, the DHA 

Pharmacy & Therapeutics (P&T) committee makes formulary decisions. This P&T 

committee consists of 17 voting members, who are pharmacists and physicians from 

multiple specialties representing the Army, Navy, Air Force, and Medical Services as 

well as pharmacy leaders from each of the military medical services, VA, and Coast 

Guard.24 The P&T committee meets quarterly to make formulary decisions.  

The DHA Pharmacy Operations Division (POD), previously called the Department of 

Defense Pharmacoeconomic Center, presents clinical and cost-effectiveness evaluations 

of all drug classes reviewed during P&T committee meetings. 

 

In the first step of the seven step formulary decisions making process, drug classes are 

selected for review based on various factors, including new drug approval, advances in 

clinical evidence, generic availability, clinical need, and market competition.24 In the 

second step, manufacturer price quotes are received for different scenarios (e.g., what if 

there were two Tier 2 vs five Tier 2 medications) while the clinical effectiveness 

evaluation occurs. In the third step, the cost-effectiveness evaluation, which includes a 

three-year budget impact model and pharmacoeconomic analysis (often a cost-

minimization analysis), occurs. The budget impact analyses account for copayment 

changes, anticipated migration of patients between points of service, potential changes to 

market share within a drug class, costs associated with medical necessity determinations, 

and additional health costs associated with drug switching.24  
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The P&T committee meeting occurs in the fourth step, approximately three to six months 

after the first step. After clinical and cost-effectiveness evaluation presentations and 

formulary recommendations, the P&T committee decides on UF (Tier 1 or 2) or NF (Tier 

3) placement. If drugs are placed on the UF, BCF/ECF placement is also decided. 

Additionally, an implementation period of no longer than 180 days and medical necessity 

criteria (which would allow a TRICARE beneficiary to receive a NF drug at the Tier 2 

copayment at retail and mail order points of service) are decided. Lastly, prior 

authorization and quantity limits may be established.24  

 

Approximately five to six weeks after the P&T committee meeting, the Beneficiary 

Advisory Panel (BAP) meeting takes place (step 5). The BAP consists of TRICARE 

beneficiaries and their representatives. The 15 BAP member are appointed annually by 

the Secretary of Defense. At the BAP meeting, specific drug pricing is not provided; 

instead, the focus of the meeting is UF versus NF placement and prior authorizations.24  

 

After two to three weeks, the Assistant Secretary of Defense for Health Affairs reviews 

and approves the P&T committee meeting minutes and BAP comments (step 6). Within 

180 days of this signing date, the formulary changes are implemented (step 7).24  

Coverage rules and copayments in TRICARE are established by law and federal 

regulation.24 Prior to any review by the P&T Committee, all newly approved branded 

medications are automatically available at the Tier 2 copayment.24 Starting August 20, 

2015, newly approved branded medications will start at the Tier 3 copayment for 120 

days after the US Food and Drug Administration (FDA) approval before reverting to the 
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Tier 2 copayment. This generally gives the DHA P&T Committee time to review the 

newly approved medication. 

 

Drug Company Pricing and Rebates 

Drug pricing and rebates differ by point of service. At MTF and mail order, Title 38 of 

the US Code requires brand name drugs to be priced at least 24% below the average 

manufacturer price for nonfederal purchasers, which sets the federal ceiling price.24 The 

UF Blanket Purchase Agreement process allows manufacturers to offers further discounts 

at MTF and mail order for UF or BCF/ECF status. 

 

At retail points of service, price thresholds are not established by law. However, the UF 

Voluntary Agreement for TRICARE Retail Pharmacy Refunds allows for quarterly 

rebates based on utilization.24  
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Diabetes Studies in TRICARE Beneficiaries 

 

Among TRICARE beneficiaries, the prevalence of diabetes mellitus is growing. A study 

conducted by Chao et al. found that the prevalence of diagnosed diabetes mellitus 

increased from a range of 7.26% to 11.22% in 2006 to 8.29% to 13.55% in 2010.21 

However, considering most recent national trends, the prevalence may be stabilizing. 

 

Older vs younger 

There was higher prevalence in older men and women than younger men and women; 

this was seen in both active duty and non-active duty. Specifically, in the active duty 

population, those 45 to 64 years of age (men: approximately 2.75%, women: 

approximately 2%) had higher prevalence than those 25 to 44 and 18 to 24 (men: 

approximately 0.5% and 0.1%, women: approximately 0.6% and 0.2%).21 Among non-

active duty members, those 65 to 74 years of age and 75 and above (men: approximately 

30-33% and 27-30% 2006-2010, women: approximately 24-26% and 21-24% 2006-

2010) had higher prevalence of diagnosed diabetes compared with those 45 to 64 and 18 

to 44 years of age (men: approximately 14-15% and 2% 2006-2010, women: 

approximately 12-13% and 2% 2006-2010).  

 

Active duty vs non-active duty 

The increase in prevalence from 2006 to 2010 was seen for non-active duty members (1-

3% increase for all age groups except those 18 to 44 years of age), but not for active duty 

members.21 Furthermore, non-active duty members (2-33% across subgroups) had a 
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higher prevalence of diagnosed diabetes than active duty members (0.1-2.75% across 

subgroups).21  

 

TRICARE beneficiaries compared to US population 

Chao and colleagues also compared age-standardized prevalence of diabetes in men and 

women for all members and non-active duty members to age-standardized prevalence 

confidence intervals of diabetes from the general US population, based on data from the 

National Health Interview Survey.21 In 2010, the prevalence of diabetes in the male 

TRICARE beneficiary population was close to the national prevalence of diabetes 

(approximately 8.5-10%).21 However, the prevalence of diabetes in female TRICARE 

beneficiaries was above the national prevalence of diabetes (9-9.5% compared to 7-

8%).21  

 

TRICARE utilization and cost of antidiabetic drugs 

In 2010, TRICARE spent over $311 million on non-insulin diabetes drug classes; of 

which, approximately $124 million on DPP4Is for approximately 60,000 30-day 

equivalent prescriptions monthly, $108 million on TZDs for approximately 100,000 30-

day equivalent prescriptions monthly, $28 million on GLP1RAs for <10,000 30-day 

equivalent prescriptions monthly, $23 million on metformin for approximately 225,000 

30-day equivalent prescriptions monthly, $15 million on SUs for approximately 160,000 

30-day equivalent prescriptions monthly, $9 million on GLNs for <10,000 30-day 

equivalent prescriptions monthly, $3 million on amylin agonists for <10,000 30-day 

equivalent prescriptions monthly, and $800,000 for AGIs for <10,000 30-day equivalent 



41 

 

prescriptions monthly.22 SGLT2Is did not enter the US market until 2013, and there are 

currently no publicly available estimates of the SGLT2I drug spend by TRICARE.  
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Antidiabetic Drug Formulary Changes of Interest 

 

Two antidiabetic drug formulary changes were decided upon August 12-13, 2015 and 

were planned to be implemented February 3, 2016. Instead, they were implemented July 

6, 2016. The two formulary changes were: 

  

i) For the SGLT2I drug class, there were two changes (Figure 1.5):29  

a) Change in previous step therapy.  

Previously, new users of SGLT2Is were required to try metformin or a sulfonylurea, and 

a DPP4I before receiving a SGLT2I. Now, new users are required to try metformin and at 

least one drug from 2 additional different non-insulin diabetes drug classes before 

receiving an SGLT2I.  

Grandfathering applies. This means that those already on a SGLT2I do not need to meet 

new step therapy requirements to stay on the SGLT2I.  

b) Addition of a within-class step therapy (preferred agent) and addition to the UF.  

Previously there were no preferred agents. Now Jardiance (empagliflozin) or Glyxambi 

(empagliflozin/linagliptin) must be tried before any of the five other SGLT2I products. 

Jardiance and Glyxambi were also put on the UF (Table 1.5). 

No grandfathering. This means that even if patients are already on a non-preferred 

SGTL2I (such as canagliflozin), they must switch to and try empagliflozin (unless 

exempted through prior authorization or medical necessity).  

Based on current utilization, these changes are expected to impact approximately 11,605 

TRICARE patients.30  
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Figure 1.5. SGLT2I Formulary Changes 

 
AGI = alpha-glucosidase inhibitor; DPP4I = dipeptidyl peptidase-4 inhibitor; GLN = meglitinide; MET = 

metformin; NF = nonformulary; SGLT2I = sodium-glucose cotransporter 2 inhibitor; SU = sulfonylurea; 

TZD = thiazolidinedione; UF = uniform formulary 

 

There are currently 3 single-agent and 4 combination SGLT2I drug products (Table 1.5): 

Table 1.5. SGLT2I Drug Products and TRICARE Formulary Status* 

SGLT2I Drugs FDA 

Approval 

TRICARE Uniform Formulary 

Status after Change 

Invokana® (canagliflozin) 3/29/13 NF 

Farxiga® (dapagliflozin) 1/8/14 NF 

Jardiance® (empagliflozin) 8/1/14 F 

COMBINATION DRUGS  

Invokamet® (canagliflozin/ 

metformin) 

8/8/14 NF 

Xigduo XR® (dapagliflozin/ 

metformin XR) 

10/29/14 NF 

Glyxambi® (empagliflozin/ 

linagliptin) 

1/30/15 F 

Synjardy® (empagliflozin/ 

metformin) 

8/27/15 F 

F = Formulary; FDA = Food and Drug Administration; NF = Non-Formulary; SGLT2I = sodium-glucose 

co-transporter 2 inhibitor; XR = extended release 

*No agents are on the BCF 
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ii) For the GLP1RA drug class, there were two changes (Figure 1.6):29  

a) Addition of a within-class step therapy (preferred agent) and addition to the UF.  

Previously, there were no preferred agents. Now, patients must try Bydureon (exenatide 

extended release, or once weekly) and Tanzeum (albiglutide) before any other GLP1RA. 

Bydureon and Tanzeum were also put on the UF (Table 1.6). 

No grandfathering. This means that if patients are on a non-preferred GLP1RA (such as 

Byetta), they must switch to and try Bydureon or Tanzeum (unless exempted through 

prior authorization or medical necessity). 

b) Addition to BCF.  

Previously, there were no GLP1RAs on the BCF. Now, Bydureon has been added to the 

BCF (Table 1.6). This means that MTFs must carry Bydureon. 

Based on current utilization, these changes are expected to impact approximately 21,736 

TRICARE patients.30  

Figure 1.6. GLP1RA Formulary Changes 

 
BCF = basic core formulary; GLP1RA = glucagon-like peptide-1 receptor agonist; NF = nonformulary; UF 

= uniform formulary 
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There are currently 6 single-agent GLP1RA drug products, and 1 combination GLP1RA 

drug product (Table 1.6): 

 

Table 1.6. GLP1RA Drug Products and TRICARE Formulary Status 

GLP1RA Drugs FDA Approval TRICARE 

Uniform 

Formulary 

Status after 

Change 

TRICARE 

Basic Core 

Formulary 

Status after 

Change 

Byetta® (exenatide) 4/28/05 NF No 

Victoza® (liraglutide) 1/25/10 NF No 

Bydureon® (exenatide ER) 1/27/12 F Yes 

Tanzeum® (albiglutide) 4/15/14 F No 

Trulicity® (dulaglutide) 9/18/14 NF No 

Adylxin® (lixisenatide) 7/27/16* NF No 

Xultophy®(lixisenatide/insulin 

degludec) 

11/21/16 NF No 

F = Formulary; FDA = Food and Drug Administration; ER = extended release; GLP1RA = glucagon-like 

peptide-1 receptor agonist; NF = nonformulary 

* Did not come on market until 12/12/16 

 

 

 

Figure 1.7 shows the population and utilization expected to be affected by each of the 

four formulary changes. SGLT2I Formulary Change 1 (which made empagliflozin 

SGLT2I products step-preferred and placed them on the UF) would affect the utilization 

of all seven SGLT2I products by current and new users of SGLT2I due to no 

grandfathering. We expected to observe an increase in the empagliflozin products, 

Jardiance®, Glyxambi®, and Synjardy®, and a decrease in all other SGLT2Is (Figure 1.7). 
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Due to grandfathering, SGLT2I Formulary Change 2 (which requires trial of MET and 

two other antidiabetic drug classes before trial of SGLT2Is) will only affect new users of 

SGLT2I, including both those who successfully use a SGLT2I within the study time 

horizon and those who do not use a SGLT2I within the study time horizon. Since this 

formulary change requires an additional trial of a third drug class, this formulary change 

will impact the utilization of potentially all antidiabetic drug classes, as well as drugs 

used to treat the side effects of these antidiabetic drugs. Additionally, since the formulary 

change no longer requires trial of DPP4I and no longer mentions SU, we would expect to 

see utilization of SGLT2Is, DPP4Is, and SUs, as well as any drugs used to treat side 

effects from these drug classes, to decrease. Simultaneously, we would expect to see 

increased use of other antidiabetic drug classes, as well as drugs used to treat side effects 

from these drug classes (Figure 1.7). 

 

GLP1RA Formulary Change 1 (which makes Bydureon® and Tanzeum® step-preferred 

and places them on the UF) will affect utilization of all five GLP1RA products in current 

and new users of GLP1RA due to no grandfathering. We would expect to see increased 

utilization of Bydureon® and Tanzeum®, and a decrease in all other GLP1RAs (Figure 

1.7). 

 

GLP1RA Formulary Change 2 (which places Bydureon® on the BCF) will affect the 

utilization of all five GLP1RA products in current and new users of GLP1RA at MTF 

pharmacies due to no grandfathering. Since placing Bydureon® on the BCF requires that 

it is available at all MTF pharmacies, we would expect to see an increase in Bydureon® 

and a decrease of all other GLP1RAs at MTF pharmacies (Figure 1.7). 
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Figure 1.7. Expected Changes From Each Formulary Change 

 
DPP4I = dipeptidyl peptidase-4 inhibitor; GLP1RA = glucagon-like peptide-1 receptor agonist; NF = 

nonformulary; SGLT2I = sodium-glucose co-transporter 2 inhibitor; SU = sulfonylurea; UF = uniform 

formulary  
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Budget Impact Analysis Guidelines 
 

Whereas cost-effectiveness analyses assess the value of new drugs and healthcare 

technologies, budget impact analyses (BIAs) address affordability. The International 

Society for Pharmacoeconomics and Outcomes Research (ISPOR) has published two 

BIA good practice guidelines, one in 200731 and the other in 2014.32 The budget impact 

of an intervention is the difference between the cost of illness in the new versus current 

environment.32  

The 2014 ISPOR BIA guidelines also note that the following aspects need to be 

considered in the design of a BIA:32  

 Features of the health care system 

 Perspective 

 Use and cost of current and new interventions 

o Eligible population 

o Current interventions 

o Uptake of new intervention and market effects 

o Off-label uses of the new intervention 

o Cost of the current or new intervention mix 

 Impact on other costs 

o Condition-related costs 

o Indirect costs 

 Time horizon 

 Time dependencies and discounting 

 Choice of computing framework 
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 Uncertainty and scenario analysis 

 Validation 

The 2014 ISPOR BIA guidelines also recommend the following reporting format for a 

BIA:32  

 Introduction 

o Objectives 

o Epidemiology and management of health problem 

o Clinical impact 

o Economic impact 

 Study Design and Methods 

o Patient population 

o Intervention mix 

o Time horizon 

o Perspective 

o Analytic framework description 

o Input data 

o Data sources 

o Data collection 

o Analyses 

o Uncertainty 

 Results 

 Conclusions and Limitations 

 Inclusion of Graphics and Tables 
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o Figure of the analytical framework 

o Table of assumptions 

o Tables of inputs 

o Tables of outputs 

o Schematic representation of uncertainty analyses 

 Appendices and References 

 

Complexity of budget impact models 

As stated by 2014 ISPOR BIA guidelines, budget impact models can range from a simple 

cost calculator33-36 to a complex condition-specific cohort or individual simulation 

model.37-43 In general, simple models are preferred over complicated models because 

budget impact models are built for the end user who is often a decision maker.32 

However, more complicated models may be needed when changes in eligible population 

size, disease severity mix in the population, or intervention patterns cannot be estimated 

using simple models.32   
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Need for Additional Research 
 

Helping Payers Conduct BIAs and Making BIA Guidelines More Useable 

With healthcare costs continuing to rise in the US, Congress has once again put pressure 

on drug manufacturers to explain the prices and relative value of their drugs. Payers need 

accurate and relevant budget impact models that provide quantitative estimates of the cost 

of including a new drug on their formulary. Yet BIA techniques remain underdeveloped 

and many published BIAs are not of high quality.44,45 Unlike in some other countries, 

most BIAs in the US are conducted by pharmaceutical manufacturers, which are 

perceived to be biased and tailored to show that a new and expensive product will induce 

short-term savings.44,46 Thus, there is a need to support payers in conducting their own 

budget impact models using ISPOR BIA guidelines to help them make better formulary 

decisions.  

 

Simultaneously, there is a need to make ISPOR BIA guidelines more applicable to 

payers. Currently, the two ISPOR BIA guidelines target when a new drug product is 

released on the market.31,32 However, payers often want to predict the budget impact of 

their utilization management tools, such as changes to formulary placement and step 

therapy requirements, for a new or old drug product.  

The real-world example of TRICARE antidiabetic formulary changes presents an 

opportunity to collaborate with a payer to improve their BIA modeling, as well as 

improve ISPOR BIA guidelines’ usability by payers. 
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Furthering Validation in the BIA Guidelines 

One specific area of improvement for ISPOR BIA guidelines is validation of BIA 

models. The predicted costs from BIA models are rarely validated with the actual costs 

that are subsequently incurred. Validation methods specific to budget impact models are 

underdeveloped in the two ISPOR BIA guidelines.31,32 The 2007 ISPOR BIA guideline 

does not address validation specific to budget impact models, and instead refers to using 

the general validation framework described by another ISPOR good research practice 

guideline for modeling studies.31,47 The 2014 ISPOR BIA guideline mentions that models 

should have face validity and verification of calculations, and states that “where possible, 

the observed costs in a health plan with the current interventions should be compared 

with the initial-year estimates from a BIA.”32 However, to improve the predictive validity 

of budget impact models, more than a simple comparison of the estimates from the model 

versus observed costs is needed. For example, we will compare cost drivers and identify 

omitted variables between the model and empirical analysis to improve the predictive 

validity of future budget impact models. 
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Chapter 2 
 

The organization of this chapter is based on the ISPOR-recommended reporting format 

for a budget impact analysis.31,32 Sections already covered in Chapter 1 were excluded. 

 

Report Introduction 
 

Objectives 
 

The objective of this budget impact model is to estimate the annual financial 

consequences of antidiabetic formulary changes from the TRICARE payer perspective 

using TRICARE claims data over three years. 

  

Study Design and Methods 
 

An Excel model was created to estimate the annual financial impact of TRICARE’s 

antidiabetic drug formulary changes.  

 

Patient Population 
 

The study population included any TRICARE enrollee who could be affected by the 

formulary changes. This was measured in TRICARE claims as any TRICARE enrollee 

who had at least one fill of any medication in one of the eight antidiabetic drug classes 

directly affected by the formulary changes in the year before the formulary change (Feb 

3, 2015 to Feb 2, 2016). These drug classes included SGLT2I, GLP1RA, MET, DPP4I, 

TZD, SU, AGI, and GLN. 
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As recommended by ISPOR guidelines,32 the size and characteristics of the eligible 

population were estimated using actual budget holder (payer) data. In the year before the 

formulary change, there were approximately 9.4 million beneficiaries eligible for 

TRICARE health benefit, according to the TRICARE Fiscal Year 2016 Report to 

Congress (Figure 2.1).26 Of these, an estimated 883,503 were diagnosed with type 2 

diabetes. Of these, 623,827 enrollees had at least one fill of any medication within the 

eight antidiabetic drug classes that were directly affected by the formulary changes of 

interest, and were included in our study population. 

 

Since there was no publicly available estimate of TRICARE members diagnosed with 

type 2 diabetes, the estimate of 883,503 TRICARE members diagnosed with type 2 

diabetes was made using diabetes prevalence estimates from a study by Chao et al. and an 

estimated percentage of diabetes that is type 2 from a report by the Centers for Disease 

Control and Prevention.1,21 Specifically, the Chao et al. publication reported a diagnosed 

diabetes prevalence of approximately 9.28% in 2009 and 9.42% in 2010. This publication 

was used because it was the only publicly available report on diabetes prevalence in 

TRICARE. Assuming a linear trend of these values, we extrapolated an expected 

prevalence of approximately 10.12%, or 955,138 of the 9,438,123 TRICARE 

beneficiaries in 2015. Given that type 2 diabetes is 90-95% of all diabetes cases,1 we 

multiplied by 92.5% to estimate that 883,503 TRICARE beneficiaries had been 

diagnosed with type 2 diabetes as of 2015.   
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Figure 2.1. Study Population 

 

T2DM= Type 2 Diabetes Mellitus  
aIn fiscal year 201526  
bEstimated for 2015 based on Chao et al. and CDC.1,21 The Chao et al. publication reported a diagnosed 

diabetes prevalence of approximately 9.28% in 2009 and 9.42% in 2010. Assuming a linear trend of these 

values, we calculated an expected prevalence of approximately 10.12%, or 955,138 of the 9,438,123 

TRICARE beneficiaries in 2015. Given that type 2 diabetes is 90-95% of all diabetes cases,1 we multiplied 

by 92.5% to estimate that 883,503 TRICARE beneficiaries have been diagnosed with type 2 diabetes as of 

2015. 
cDetermined from TRICARE claims based on having at least one fill of any medication in one of the eight 

antidiabetic drug classes directly affected by the formulary changes in the year before the formulary change 

(Feb 3, 2015 to Feb 2, 2016). These drug classes include SGLT2I, GLP1RA, MET, DPP4I, TZD, SU, AGI, 

and GLN.  

 

Our study population was mostly older; 53% were 65-84 years of age and 36% were 45-

64 years of age (Table 2.1). Fifty-seven percent of the population had TRICARE FOR 

LIFE, which is a plan that provides secondary coverage to those with Medicare parts A 

and B, and 50% were retired. Only 1.4% of the population were active duty. Eight 

percent of the population had other health insurance, such as Federal Employees Health 

Benefits Plans, Kaiser Health Maintenance Organizations, or Blue Cross.26 The 

population was 50% male and 50% female.   
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Table 2.1. Population Characteristics (n=623,827) 

Age Group, y Frequency Percent 

0-24 6746 1.08% 

25-44 37133 5.95% 

45-64 222693 35.70% 

65-84 329886 52.88% 

85+ 27369 4.39% 

Gender     

F 312065 50.02% 

M 311762 49.98% 

Enrollee Type     

ADSM with OHI (pharmacy) 71 0.01% 

ADSM without OHI (pharmacy) 8626 1.38% 

Non-ADSM TRICARE Prime with OHI (pharmacy) 8667 1.39% 

Non-ADSM TRICARE Prime without OHI (pharmacy) 151519 24.29% 

TRICARE FOR LIFE with OHI (pharmacy) 23481 3.76% 

TRICARE FOR LIFE without OHI (pharmacy) 330327 52.95% 

TRICARE Standard/Extra with OHI (pharmacy) 17925 2.87% 

TRICARE Standard/Extra without OHI (pharmacy) 83211 13.34% 

      

ADSM with OHI (medical) 306 0.05% 

ADSM without OHI (medical) 8391 1.35% 

Non-ADSM TRICARE Prime with OHI (medical) 14248 2.28% 

Non-ADSM TRICARE Prime without OHI (medical) 145938 23.39% 

TRICARE FOR LIFE with OHI (medical) 75333 12.08% 

TRICARE FOR LIFE without OHI (medical) 278475 44.64% 

TRICARE Standard/Extra with OHI (medical) 33818 5.42% 

TRICARE Standard/Extra without OHI (medical) 67318 10.79% 

Beneficiary Category     

Dependent 22941 3.68% 

Retired 308126 49.39% 

Other 284054 45.53% 

ADSM 8706 1.40% 
ADSM = active duty service member; OHI = other health insurance (not including Medicare) 
aNon-ADSM TRICARE PRIME includes Prime, Prime Remote, Prime Overseas, Prime Remote Overseas, 

US Family Health Plan [USFHP] and Young Adult Plans (Includes Young Adult- Prime Option, Young 

Adult- Prime Option Prime Remote, Young Adult- Prime Option Overseas, Young Adult- Prime Option 

USFHP) 
bTRICARE Standard & Extra/Reserve includes Standard and Extra, Standard Overseas, Reserve Select, 

Retired Reserve, and Young Adult- Standard Option Plans 
cDependent includes Dependents of Active Duty or Guard/Reserve on Active Duty 
dOther includes Dependents of Retiree, Dependent Survivor, Dependent of Inactive Guard/Reserve, 

Inactive Guard/Reserve, Other, and Unknown 
eActive Duty includes Active Duty and Guard/Reserve on Active Duty 
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Intervention mix 
 

In the base case scenario, the intervention mix included all medications in the eight 

antidiabetic drug classes that were directly affected by the formulary changes. These drug 

classes included SGLT2I, GLP1RA, MET, DPP4I, TZD, SU, AGI, and GLN. 

 

Table 2.2 lists the drug products in the intervention mix and market share across all 

points of service. Table 2.3 provides market share across therapeutic classes. The lists 

and market share come from TRICARE utilization data.  

Table 2.2. Intervention Mix with Market Share* 

Therapeutic Class Drug Name 

Market 

Share 

(Within 

Therap

eutic 

Class) 

Market 

Share 

(Of All 

Drugs) 

Alpha-Glucosidase 

Inhibitor ACARBOSE 66.54% 0.15% 

Alpha-Glucosidase 

Inhibitor GLYSET 9.54% 0.02% 

Alpha-Glucosidase 

Inhibitor MIGLITOL 0.00% 0.00% 

Alpha-Glucosidase 

Inhibitor PRECOSE 23.92% 0.05% 

Biguanide FORTAMET 0.01% 0.01% 

Biguanide GLUCOPHAGE 2.09% 0.98% 

Biguanide GLUCOPHAGE XR 2.06% 0.97% 

Biguanide GLUMETZA 0.70% 0.33% 

Biguanide METFORMIN HCL 95.10% 44.61% 

Biguanide METFORMIN HCL ER GT 0.00% 0.00% 

Biguanide 

METFORMIN 

HYDROCHLORIDE 

(Compound) 0.00% 0.00% 

Biguanide RIOMET 0.04% 0.02% 

Dipeptidyl Peptidase-4 

Inhibitor ALOGLIPTIN 0.00% 0.00% 

Dipeptidyl Peptidase-4 

Inhibitor ALOGLIPTIN-METFORMIN 0.00% 0.00% 
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Table 2.2 Continued. 
Dipeptidyl Peptidase-4 

Inhibitor ALOGLIPTIN-PIOGLITAZONE 0.00% 0.00% 

Dipeptidyl Peptidase-4 

Inhibitor JANUMET 30.26% 5.66% 

Dipeptidyl Peptidase-4 

Inhibitor JANUVIA 58.80% 11.00% 

Dipeptidyl Peptidase-4 

Inhibitor JENTADUETO 0.42% 0.08% 

Dipeptidyl Peptidase-4 

Inhibitor JUVISYNC 0.00% 0.00% 

Dipeptidyl Peptidase-4 

Inhibitor KAZANO 0.06% 0.01% 

Dipeptidyl Peptidase-4 

Inhibitor KOMBIGLYZE XR 1.42% 0.26% 

Dipeptidyl Peptidase-4 

Inhibitor NESINA 0.10% 0.02% 

Dipeptidyl Peptidase-4 

Inhibitor ONGLYZA 3.50% 0.65% 

Dipeptidyl Peptidase-4 

Inhibitor OSENI 0.18% 0.03% 

Dipeptidyl Peptidase-4 

Inhibitor TRADJENTA 5.27% 0.99% 

Glucagon-Like Peptide 1 

Receptor Agonist BYDUREON 17.93% 0.86% 

Glucagon-Like Peptide 1 

Receptor Agonist BYETTA 13.22% 0.63% 

Glucagon-Like Peptide 1 

Receptor Agonist TANZEUM 2.81% 0.13% 

Glucagon-Like Peptide 1 

Receptor Agonist TRULICITY 5.42% 0.26% 

Glucagon-Like Peptide 1 

Receptor Agonist VICTOZA 60.61% 2.90% 

Glucagon-Like Peptide 1 

Receptor Agonist ADLYXIN 0.00% 0.00% 

Glucagon-Like Peptide 1 

Receptor Agonist XULTOPHY or SOLIQUA 0.00% 0.00% 

Glucagon-Like Peptide 1 

Receptor Agonist EXENATIDE 0.00% 0.00% 

Meglitinide NATEGLINIDE 11.57% 0.09% 

Meglitinide PRANDIMET 0.37% 0.00% 

Meglitinide PRANDIN 18.24% 0.14% 

Meglitinide REPAGLINIDE 35.00% 0.26% 

Meglitinide 

REPAGLINIDE-METFORMIN 

HCL 0.00% 0.00% 

Meglitinide STARLIX 34.82% 0.26% 

Sodium-Glucose Co-

transporter 2 Inhibitor FARXIGA 17.97% 0.48% 
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Table 2.2 Continued. 

Sodium-Glucose Co-

transporter 2 Inhibitor GLYXAMBI 1.44% 0.04% 

Sodium-Glucose Co-

transporter 2 Inhibitor INVOKAMET 3.57% 0.09% 

Sodium-Glucose Co-

transporter 2 Inhibitor INVOKANA 65.99% 1.75% 

Sodium-Glucose Co-

transporter 2 Inhibitor JARDIANCE 9.55% 0.25% 

Sodium-Glucose Co-

transporter 2 Inhibitor SYNJARDY 0.05% 0.00% 

Sodium-Glucose Co-

transporter 2 Inhibitor XIGDUO XR 1.43% 0.04% 

Sulfonylurea AMARYL 2.65% 0.56% 

Sulfonylurea CHLORPROPAMIDE 0.02% 0.00% 

Sulfonylurea DIABETA 0.12% 0.02% 

Sulfonylurea GLIMEPIRIDE 29.81% 6.33% 

Sulfonylurea GLIPIZIDE 25.14% 5.34% 

Sulfonylurea GLIPIZIDE ER 20.26% 4.30% 

Sulfonylurea GLIPIZIDE-METFORMIN 0.77% 0.16% 

Sulfonylurea GLUCOTROL 2.87% 0.61% 

Sulfonylurea GLUCOVANCE 0.45% 0.10% 

Sulfonylurea GLYBURIDE 13.17% 2.80% 

Sulfonylurea 

GLYBURIDE-METFORMIN 

HCL 4.37% 0.93% 

Sulfonylurea GLYNASE 0.23% 0.05% 

Sulfonylurea METAGLIP 0.00% 0.00% 

Sulfonylurea MICRONASE 0.13% 0.03% 

Sulfonylurea TOLAZAMIDE 0.01% 0.00% 

Sulfonylurea TOLBUTAMIDE 0.01% 0.00% 

Sulfonylurea TOLINASE 0.00% 0.00% 

Thiazolidinedione ACTOPLUS MET 1.36% 0.06% 

Thiazolidinedione ACTOS 17.35% 0.82% 

Thiazolidinedione AVANDAMET 0.01% 0.00% 

Thiazolidinedione AVANDARYL 0.00% 0.00% 

Thiazolidinedione AVANDIA 0.19% 0.01% 

Thiazolidinedione DUETACT 0.50% 0.02% 

Thiazolidinedione PIOGLITAZONE HCL 73.29% 3.47% 

Thiazolidinedione 

PIOGLITAZONE-

GLIMEPIRIDE 0.15% 0.01% 

Thiazolidinedione PIOGLITAZONE-METFORMIN 7.14% 0.34% 
*List of drugs and market share from TRICARE claims February 2015 to January 2016 

Bolded drugs are preferred agents due to formulary changes of interest. Drugs in purple font are expected 

to enter the market during the study time horizon. Drugs in brown font have been discontinued. 
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Table 2.3. Market Share by Therapeutic Class* 

Therapeutic Class Class Market Share 

Alpha-Glucosidase Inhibitor 0.2% 

Biguanide 46.9% 

Dipeptidyl Peptidase-4 Inhibitor 18.7% 

Glucagon-Like Peptide 1 Receptor 

Agonist 

4.8% 

Meglitinide 0.7% 

Sodium-Glucose Co-transporter 2 

Inhibitor 

2.7% 

Sulfonylurea 21.2% 

Thiazolidinedione 4.7% 
*Market share from TRICARE claims February 2015 to January 2016 
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Uptake of the intervention was a key model parameter. Uptake of the intervention related 

to switch rates from nonpreferred agents to preferred agents, and switch rates due to step 

therapy changes. It should be noted that since providers could easily fill out prior 

authorization forms or medical necessity forms, they could forgo formulary change 

policies, leading to lower switch rates.  

 

ISPOR guidelines also recommend considering substitution, combination, and expansion 

as possible types of uptake.32 Since the formulary changes of interest required 

substitution of one product for another, our model assumed substitution. 

 

To measure uptake, ISPOR guidelines recommended using estimates of expected market 

share from the producer, data from another jurisdiction where the same intervention had 

been introduced, and/or extrapolation from experience on product diffusion with similar 

interventions in the budget holder’s setting.32 In our case, TRICARE opinion based on 

extrapolation from internal experience with similar formulary changes fed our base case 

input values for uptake. Our model also allowed the end user to change the degree of 

uptake by point of service, year, and whether the member had OHI.  

 

As recommended by ISPOR guidelines, another key parameter in our model was change 

in intervention mix.32 This included new interventions entering the mix, such as the two 

new GLP1RA products that entered the US market at the end of 2016; current 

interventions going off patent, such as Byetta®, a GLP1RA product that is expected to 

have a generic available October 15, 2017 at the earliest;48 current interventions which 
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are discontinued, such as Avandaryl®, Metaglip®, Juvisync®, Prandimet®, and Diabeta®, 

which were all discontinued in 2015 or 2016; and changes in drug prices. Oddly, 

Tolinase® and Micronase® were discontinued 2005 and 2008, respectively; however very 

minor utilization showed up in February 2015 to January 2016 TRICARE claims, so we 

included these in our intervention mix and shifted their future utilization to other drugs 

within the therapeutic class, as if they were being discontinued during the baseline year.  

 

Time horizon 
 

The time horizon was three years with annual estimates per TRICARE preference. In 

sensitivity analyses, the time horizon was extended to five years. 

 

Perspective 
 

The perspective of this budget impact analysis was the TRICARE payer, and the intended 

audience was the TRICARE payer. Although the pharmacy and medical benefits are 

separate for TRICARE, we followed ISPOR guidelines and used a flexible design that 

could show decision makers not only the financial consequences they are interested in, 

such as prescription utilization, but also larger economic implications, such as medical 

utilization.32 Thus, cost categories included both prescription costs (e.g., drug acquisition 

costs, rebates, copays/coinsurance, and dispensing fees) and medical costs (e.g., inpatient, 

emergency room, and outpatient visit costs, and their associated copays/coinsurance) in 

sensitivity analyses. 
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Analytic framework description 
Figure 2.2. Analytic Framework of Model 

 

ER = emergency room; I1-I9 represent input tabs in the Excel workbook; O1-O3 represent output tabs in 

the excel workbook; SE = side effects. Blue font indicates sensitivity analysis. 

 

 

We assumed a static model instead of a dynamic model because the population size and 

disease severity mix were unlikely to significantly change in the next three years (Table 

2.4). This decision is aligned with the ISPOR recommendation to keep a budget impact 

model as simple as possible for the end user.31,32 This decision is also supported by 

TRICARE claims data which show that two years before the formulary change, 607,983 

enrollees met criteria to be included in the study population.   
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Table 2.4. Table of Assumptions 

1 Constant population size and disease severity mix (static model) 

2 

"Natural" change in utilization from one year to the next determined by fitting a linear trend using 

Feb 2014-Jan 2015 to Feb 2015-Jan 2016 utilization data (see hidden trend tabs). Floor of 0 (negative 

values not allowed). If quantity, day supply, or # of rx was 0, then the rest (and # of 30-day rx) were 

set to 0. If there was no utilization at Y-1 but utilization at Y0 (and vice versa), then the other value 

was continued forward. 

3 

Shifts in market share due to formulary changes as seen in tab I3 (and tab I3...OHI)- 65% for 

GLP1RA, 80% for SGLT2I nonpreferred to preferred, and 30% for SGLT2I step therapy 

4 No change in side effect or medical treatment when switching within a drug class. 

5 

Shifts in market share to new drugs on the market as seen in tab I4 (and tab I4...OHI)- 3% 

starting in Y2 for Adlyxin, 0% for Xultophy and Soliqua, and 1% starting in Y3 for generic 

exenatide 

6 

Constant drug prices per NDC (pulled from Feb-Mar 2017). However drug prices per day do 

change based on the market share of NDCs used from one year to the next, as well as the average 

quantity per day supply. Specifically, the "natural" change in drug price (weighted average) per 

day (based on utilization of NDCs per drug) is predicted by fitting a linear trend to Feb 2014 - Jan 

2015 and Feb 2015 - Jan 2016 data. Note: If drug price per day is missing one year due to lack of 

use, no change is assumed. WAC/day and FSS/day cannot go lower than the lowest seen for each 

category (antidiabetic drugs: $0.64 WAC/day and $0.02 FSS/day; drugs used to treat side effects: 

$0.695 WAC/day and $0.08 FSS/day; and medical supplies: $0.14 WAC/day and $0.07555 

FSS/day). No future adjustment for inflation. 

7 

Constant rebates, copays, coinsurance, and dispensing fees throughout time horizon. Copays 

increased February 1, 2016 and these copays were continued forward. No dispensing fees at MTF. 

8 

Constant medical visit prices. Percent of purchased claims that are in network as seen in tab I8- 

average of 90%. No future adjustment for inflation. 

9 

If OHI member, TRICARE pays 30% of drug costs and 20% of medical costs. If OHI member, 

TRICARE does not pay dispensing fees, and does not receive rebates, copays, or coinsurance. 

FSS = federal supply schedule; GLP1RA = glucagon-like peptide-1 receptor agonist; MTF = military 

treatment facility; NDC = national drug code; OHI = other health insurance; SGLT2I = sodium-glucose co-

transporter 2 inhibitor; WAC = wholesale acquisition cost; Y = Year number (e.g., Y3 = Year 3) 

 

 

Our cost calculator model had two major components: costs covered by the pharmacy 

benefit, and costs covered by the medical benefit (Figure 2.2). The base case analysis 

only included the pharmacy benefit because TRICARE’s pharmacy and medical benefits 

are managed separately (O1, or output tab 1, and not O2 or O3, of Figure 2.2).  

 

Base Case Analysis: Model Inputs 

In the first step, the size and characteristics of the population were determined based on 

TRICARE data. In the second step, the study population’s utilization of antidiabetic 

drugs, as well as drugs used to treat side effects from those antidiabetic drugs, in the year 
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before the formulary changes (February 2015 – January 2016) and two years before the 

formulary changes (February 2014 – January 2015) were extracted from TRICARE 

claims data and used as model inputs. This drug utilization was categorized by each point 

of service, including i) retail non-network, ii) retail network, iii) MTF, and iv) mail order 

pharmacy. Drug utilization was categorized by point of service because of TRICARE 

interest, as well as many variables varying based on point of service (e.g., drug 

utilization, prices, copays/coinsurance, rebates, and formularies). In the base case 

analysis, linear trends were assumed to predict future annual utilization had no formulary 

changes been implemented, for both antidiabetic drugs and drugs used to treat side effects 

(Table 2.4). However, utilization was restricted in the following ways (Table 2.4): 

 Floor of 0 (negative values not allowed) 

 If quantity, day supply, or # of rx was 0, then the rest (and # of 30-day rx) were 

set to 0 

 If there was no utilization at Y-1 but utilization at Y0 (and vice versa), then the 

other value was continued forward  

 

ISPOR guidelines recommend using actual acquisition costs from the budget holder, if 

available.32 Since TRICARE actual acquisition cost and rebate data were considered 

proprietary, we used a weighted average of Wholesale Acquisition Cost (WAC) and 

Federal Supply Schedule (FSS) depending on pharmacy point of service. WAC and FSS 

values were pulled from February and March 2017, and were static. However, the WAC 

or FSS per day could change based on the market share of NDCs used from one year to 

the next, as well as the average quantity per day supply. To predict future natural changes 
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in WAC or FSS per day, a linear trend was fitted. WAC or FSS per day were restricted in 

the following ways (Table 2.4): 

 If drug price per day was missing one year due to lack of use, no change was 

assumed.  

 WAC/day and FSS/day could not be lower than the lowest seen for each category 

(antidiabetic drugs: $0.64 WAC/day and $0.02 FSS/day; drugs used to treat side 

effects: $0.695 WAC/day and $0.08 FSS/day; and medical supplies: $0.14 

WAC/day and $0.07555 FSS/day) 

The model was built so that the DHA overseeing the TRICARE benefit could replace 

these estimates with their actual drug costs. 

 

In the third step, we solicited TRICARE input to predict switch rates within and between 

antidiabetic drug classes due to formulary changes (Table 2.4). Changes in the utilization 

of drugs used to treat side effects due to new use of a drug class were estimated using 

TRICARE claims. It was assumed that if a member switched between drugs within a 

class, there would be no changes in side effect treatment (Table 2.4). In the model, the 

number of new users of each of the antidiabetic drug classes was multiplied by the drug 

class-specific average change in utilization of drugs used to treat side effects. 

 

Fourth, the retail and mail pharmacy formulary tiers as well as MTF formulary tiers for 

TRICARE were input for each drug. In addition, whether each drug was generic or brand 

was included. Formulary tiers were needed because they affect both rebates (fifth step) 

and drug copays or coinsurance (sixth step). It should be noted we did not account for 
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deductibles or extra penalties (e.g., for not receiving referrals when required) for the 

pharmacy benefit.  

 

Generic or brand status was needed because it affects dispensing fees (seventh step). 

While inclusion of copays and rebates are recommended by ISPOR guidelines, 

dispensing fees are not mentioned.32 Since there was such high volume of antidiabetic 

medications, we included dispensing fees. Since the calculation for dispensing fees at 

MTF is not per prescription, we excluded these at MTF. Copays, coinsurance, rebates, 

and dispensing fees were held constant through the study time horizon (Table 2.4). 

 

If members had OHI, TRICARE paid less for their drug costs and did not pay dispensing 

fees. Additionally, TRICARE did not receive rebates, copays, or coinsurance for 

members with OHI (Table 2.4). 

 

Base Case Analysis: Model Output 

The output included annual utilization, market share, and cost of antidiabetic drugs and 

drugs used to treat side effects for up to three years in two scenarios: formulary change 

versus no formulary change (Tab O1 of Figure 2.2). In this analysis, we did not report by 

point of service; that will be discussed in our cost driver analysis in chapter 4. The costs 

were subdivided into drug acquisition costs, rebates, copays/coinsurance, and dispensing 

fees. The budget impact each year was measured by taking the difference between the 

formulary change versus no formulary change scenarios. As recommended by ISPOR 
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guidelines,31,32 the cost of drugs used to treat side effects was provided separately from 

that of the antidiabetic drugs.  

 

In the base case, annual estimates over a three year time horizon were considered. In 

sensitivity analysis, the time horizon was increased to five years. To minimize 

redundancy, our charts provide annual results for all five years.  

 

Sensitivity Analysis: Model Inputs 

The description of all sensitivity analyses is described in the later section on Uncertainty. 

Here we discuss additional model structures added or modified in sensitivity analyses, 

highlighted in blue font in Figure 2.2.  

 

In structural sensitivity analyses #1 and #2, utilization and cost results were narrowed to 

include only medications in the GLP1RA and SGLT2I drug classes per TRICARE 

request.  

 

In structural sensitivity analysis #3, utilization and cost were expanded to include 

medications from the remaining four antidiabetic drug classes, which could be indirectly 

affected by the formulary changes. These included insulin, amylin mimetic, bile acid 

sequestrant, and dopamine-2 agonist.  

 

In structural sensitivity analysis #4, utilization results were broadened further to include 

antidiabetic supplies, such as test strips, lancets, needles, and syringes. 
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In structural sensitivity analysis #5, medical utilization (step 8 of Figure 2.2), such as 

outpatient visits, emergency room visits, and inpatient days, and the corresponding 

TRICARE medical copays or coinsurance (step 9) were included. Medical visit 

utilization was subdivided into direct care, purchased care (network), and purchased care 

(non-network) since there are differences in costs across these points of service. 

 

Natural changes in medical utilization were predicted in the same manner as how natural 

changes in drug utilization were predicted -- based on linear trends using February 2014 – 

January 2015 and February 2015 – January 2016 data (Table 2.4). Changes in medical 

utilization due to new use of antidiabetic drug classes were predicted using the same 

method as for changes in utilization for drugs used to treat side effects. Like side effect 

treatment, it was assumed that if a member switched between drugs within a class, there 

would be no changes in medical treatment (Table 2.4). 

 

Medical visit prices were held constant (Table 2.4). If members had OHI, TRICARE paid 

less for their medical visits (Table 2.4). 

 

Sensitivity Analysis: Model Output 

In addition to the base case model output of utilization and cost related to the pharmacy 

benefit (Tab O1 of Figure 2.2), there were two additional output tabs for medical benefit 

utilization and costs were included in sensitivity analyses. Tab O2 of Figure 2.2 provides 
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utilization and cost specific to the medical benefit, and Tab O3 of Figure 2.2 combines 

that of both the pharmacy and medical benefits. 

 

The output related to the medical benefit included annual utilization and cost of inpatient, 

emergency room, and outpatient visits for up to five years in two scenarios: formulary 

change versus no formulary change. The costs were subdivided into visit costs and 

copays/coinsurance. The budget impact each year was measured by taking the difference 

between the formulary change versus no formulary change scenarios. 

 

Input Data, Data Sources, and Data Collection 
 

Input data for the model is found on sheets I1 to I9 in the excel workbook. Below we 

describe each worksheet (or tab), highlighting data sources and how data was collected or 

measured, and provide excerpts where possible. 

Table 2.5. Summary of input tabs in model 
Input Tab 

Name 

Description Source 

I1. Population Population (see Figure 2.1) CDC, Chao et al, TRICARE 

2016 Report to Congress, 

TRICARE Claims1,21,26  

I2. Baseline D 

Util 

Baseline utilization and costs for antidiabetic drugs 

used by TRICARE non-OHI members Feb 2014 – Jan 

2015 and Feb 2015 – Jan 2016, broken down by each 

point of service 

TRICARE Claims 

I2. Baseline D 

Util OHI 

Same as above, but for TRICARE OHI members only TRICARE Claims 

I2a. Baseline 

D SE Util 

Baseline utilization and costs for drug side effect 

treatment for TRICARE non-OHI members Feb 2014 

– Jan 2015 and Feb 2015 – Jan 2016, broken down by 

each point of service 

TRICARE Claims 

I2a. Baseline 

D SE Util OHI 

Same as above, but for TRICARE OHI members only TRICARE Claims 

I2b. Baseline 

MS Util 

Baseline utilization and costs for antidiabetic supplies 

for TRICARE non-OHI members Feb 2014 – Jan 2015 

and Feb 2015 – Jan 2016, broken down by each point 

of service 

TRICARE Claims 

I2b. Baseline 

MS Util OHI 

Same as above, but for TRICARE OHI members only TRICARE Claims 
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Table 2.5 Continued. 
I3. Util Chg Market share changes due to the formulary changes by 

point of service and across years 

Expert opinion 

I3. Util Chg OHI Same as above, but for TRICARE OHI members only Expert opinion 

I3a. SE Util Chg Change in utilization of drugs that treat side effects of 

each of the antidiabetic drugs directly affected by the 

formulary changes 

TRICARE Claims 

I4. Drug 

Formulary & 

Brand Gen 

Formulary tiers on both the MTF and mail order / 

retail formularies, and brand/generic status, for each 

drug 

TRICARE Formulary 

Search Tool, RED BOOK 

ONLINE49,50 

I5. Drug Rebates Rebates (estimated from publicly available literature) 

as determined by point of service, generic status, and 

formulary tier 

CBO, AMCP Guide to 

Pharmaceutical Payment 

Methods51,52 

I6. Drug Copay Drug copays and coinsurance by point of service, plan 

type, and formulary tier 

TRICARE Formulary 

Search Tool49 

I7. Dispensing 

Fee 

Dispensing fees by point of service and brand/generic 

status 

AMCP Guide to 

Pharmaceutical Payment 

Methods52 

I8. Baseline M 

Util 

Baseline medical utilization and costs for inpatient 

visits, emergency room visits, and outpatient visits 

February 2015 – January 2016 and Feburary 2014 – 

January 2015 

TRICARE Claims, 

TRICARE Allowable 

Charges53 

I9. Medical 

Copay 

Medical visit copay and coinsurance by plan type, 

point of service, and type of visit 

TRICARE Formulary 

Search Tool49 

AMCP = Academy of Managed Care Pharmacy; CBO = Congressional Budget Office; CDC = Centers for 

Disease Control and Prevention; MTF = military treatment facility; OHI = other health insurance 
 

Tab “I1. Population”: This sheet provides population information previously presented 

as Figure 2.1 and Table 2.1. The data sources and data collection for these population 

estimates were previously described. 

 

Tab “I2. Baseline D Util”: This sheet provides baseline utilization (e.g., (number of 

users, prescriptions, 30-day prescriptions of enrollees who pay copays, quantity, and day 

supply) and costs (e.g., weighted average WAC/day and FSS/day) for antidiabetic drugs 

used by TRICARE non-OHI members Feb 2014 – Jan 2015 and Feb 2015 – Jan 2016, 

stratified by each point of service.  
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The utilization data came from TRICARE claims from the population of interest. Since 

active duty service members are not required to pay cost share, their 30-day prescriptions 

were excluded from counts. Since drug cost share is not relevant at MTF, we did not 

count 30-day prescriptions at MTF. Since drug cost share amounts differ by plan type 

(prime versus non-prime) at the retail non-network point of service, 30-day prescriptions 

were estimated from claims for prime versus non-prime enrollees at this point of service. 

To simplify counting number of 30-day prescriptions, the days supply on each 

prescription claim was divided by 30, and the lowest whole number was accepted as the 

number of 30-day prescriptions for that claim. This is analogous to how copays are 

calculated for TRICARE. At mail order, copays are paid by 90-day prescriptions. In this 

case, to simplify, we assumed three 30-day prescriptions meant one 90-day prescription.  

 

Since TRICARE did not provide costs, we used publicly available WAC50 and FSS 

obtained in February and March 2017.54 WAC and FSS are likely to overestimate the true 

drug acquisition costs.  

 

Since there are multiple National Drug Codes (NDC) per drug, and the WAC and FSS 

per NDC may differ, a weighted average WAC or FSS per day for each drug was 

calculated to simplify the model. This was calculated by multiplying WAC or FSS unit 

prices by quantities on each TRICARE claim for each NDC related to a given drug name, 

summing these WAC and FSS prices as well as day supply reported on the TRICARE 

claim, and dividing the total WAC or FSS by day supply for a given drug name.  
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In a later parameter sensitivity analysis, WAC was replaced by National Average Drug 

Acquisition Cost (NADAC). 

 

If FSS or NADAC was not available, the cost per day was imputed from: i) another year, 

ii) another POS, iii) WAC/day, or iv) lowest WAC on RED BOOK ONLINE.  

 

If we did not have average quantity per day utilization information for drugs, such as for 

Adlyxin®, Xultophy®, Soliqua®, and generic exenatide, which did come on the market 

until after our baseline time period, February 2015 – January 2016, we obtained publicly 

available WAC, NADAC, and FSS data and made the following assumptions: 

 Adlyxin®: Assumed each box of two pens lasted 28 days (each pen has 14 doses). 

FSS and WAC per box were available. Using NADAC:WAC ratio for SOLIQUA, 

imputed NADAC per day. 

 Xultophy® or Soliqua®: Took average of Xultophy® and Soliqua® per day cost. 

For Xultophy®, assumed max daily dose (50 units insulin degludec and 1.8 mg 

liraglutide), and therefore that one box lasted 30 days. WAC per box was 

available. Using Soliqua® FSS:WAC and NADAC:WAC ratios, imputed FSS and 

NADAC per day. For Soliqua®, assumed max daily dose (60 units insulin 

glargine and 20 mcg lixisenatide), and therefore that one box of five pens lasted 

25 days. FSS, NADAC, and WAC per box were available. 

 Exenatide: No pricing available. Assume 15% price reduction from Byetta® based 

on TRICARE expert opinion and price reduction for first biosimilar, Zarxio®. 
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Tab “I2. Baseline D Util OHI”: This sheet provides the same information as Tab “I2. 

Baseline D Util” but for TRICARE OHI members only. OHI and non-OHI members 

were analyzed separately because TRICARE is generally the second payer and therefore, 

does not pay as much for OHI members. We assumed that TRICARE paid approximately 

30% of drug costs because calculations showed that in our model, when we assumed 

30%, TRICARE received approximately 7% of its antidiabetic drug budget, or $57 

million out of $813 million, back from OHI. This matched findings from fiscal year 

2015, during which TRICARE received approximately 7% of its drug budget, or $788 

million out of $11,638 million, back from OHI.26  

 

 

Tab “I2a. Baseline D SE Util”: This sheet provides the same information as Tab “I2. 

Baseline D Util” but for drugs used to side effects of antidiabetic drugs. Data sources and 

collection methods are the same. 

 

Tab “I2a. Baseline D SE Util OHI”: This sheet provides the same information as Tab 

“I2a. Baseline D SE Util” but for TRICARE OHI members only.  

 

Tab “I2b. Baseline MS Util”: This sheet provides the same information as Tab “I2. 

Baseline D Util” but for antidiabetic supplies (i.e., needles, syringes, test strips, lancets). 

Data sources and collection methods were the same as before. However, NADAC was 

not available for these antidiabetic supplies. 

 



75 

 

Tab “I2b. Baseline MS Util OHI”: This sheet provides the same information as Tab 

“I2b. Baseline MS Util” but for TRICARE OHI members only.  

 

Tab “I3. Util Chg”: This sheet shows the assumed market share changes due to the 

formulary changes by point of service and across years. The excerpt provided shows only 

one point of service. (Table 2.6) Estimates came from TRICARE expert opinion. If 

TRICARE was too optimistic, these switch rates could be overestimated. If TRICARE 

was too pessimistic, these switch rates could be underestimated. 

 

TRICARE experts decided on a higher preferred switch rate for SGLT2I versus GLP1RA 

(80% versus 65%, respectively) because: i) there is a wider variety of formulations for 

GLP1RA injectable devices versus SGLT2I oral drugs, ii) the SGLT2I drug class is 

newer than the GLP1RA drug class to the US market, and iii) prior to the formulary 

change, all SGLT2I drugs were Nonformulary whereas all GLP1RA drugs were on the 

UF. Together these factors have led to higher loyalty to GLP1RA drugs by prescribers 

and patients, making it more difficult to require switching to another GLP1RA drug.  

 

Note that for the MTF point of service, Bydureon® was the only preferred GLP1RA 

product (not also Tanzeum®). Therefore, at this point of service, the 65% switch rate 

means that 65% of the market share of nonpreferred GLP1RA products shifted to 

Bydureon®. This is in comparison to other points of service at which 65% of the market 

share of nonpreferred GLP1RA products shifted to both preferred products, Bydureon® 

and Tanzeum®, proportionally to the current market share of those preferred products. 
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In parameter sensitivity analysis #1 later, we varied the switch rates, variables 1, 2, and 4 

in Table 2.6, from 0% to 100%.  

 

In parameter sensitivity analysis #5, we changed the year 1 values for the switch rates, 

variables 1, 2, and 4, to 38%, 47%, and 17.5%, respectively (after multiplying 65%, 80%, 

and 30% by 7/12). This would mimic a scenario where there was a five-month delay in 

formulary change implementation. 
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Table 2.6 [Excerpt from Tab I3]. Requested Input for One Point of Service 

Regarding How the Formulary Change Will Affect Market Share* 
Given the below baseline and expected WITHIN-THERAPEUTIC CLASS 

market share without formulary change, enter: 

  

  
Y

1 

Y

2 

Y

3 

Y

4 

Y

5 

1) % of market share that will shift from nonpreferred to preferred GLP1RA 

at retail 

65

% 

65

% 

65

% 

65

% 

65

% 

2) % of market share that will shift from nonpreferred to preferred SGLT2I 

at retail 

80

% 

80

% 

80

% 

80

% 

80

% 

        
Given the below baseline and expected ACROSS-THERAPEUTIC CLASS 

market share without formulary change, enter: 

  

  
Y

1 

Y

2 

Y

3 

Y

4 

Y

5 

3) % of SGLT2I market share that is from new users 

20

% 

20

% 

20

% 

20

% 

20

% 

4) Of #3, % of use that will shift to a 3rd drug class (to meet PA criteria) 

30

% 

30

% 

30

% 

30

% 

30

% 

5) Of #4, the breakdown (%) of how the use will shift to each of the 

following classes (as the 3rd drug class):           

  

Alpha-Glucosidase 

Inhibitor 

30

% 

30

% 

30

% 

30

% 

30

% 

  Metformin 

15

% 

15

% 

15

% 

15

% 

15

% 

  

Dipeptidyl 

Peptidase-4 

Inhibitor 

25

% 

25

% 

25

% 

25

% 

25

% 

  Meglitinide 

20

% 

20

% 

20

% 

20

% 

20

% 

  Sulfonylurea 

5

% 

5

% 

5

% 

5

% 

5

% 

  Thiazolidinedione 

5

% 

5

% 

5

% 

5

% 

5

% 

GLP1RA = glucagon-like peptide-1 receptor agonist; PA = prior authorization; SGLT2I = sodium-glucose 

co-transporter 2 inhibitor; Y = Year number (e.g., Y1 = Year 1) 

*Derived from TRICARE Expert Opinion 

 

 

Tab “I3. Util Chg OHI”: This sheet provides the same information as Tab “I3. Util 

Chg” but for TRICARE OHI members only.  

 

Tab “I3a. SE Util Chg”: This sheet shows the change in utilization of drugs that treat 

side effects of each of the antidiabetic drugs directly affected by the formulary changes. 
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The excerpt provided only shows the change per new users of SGLT2I (Table 2.7). These 

data came from TRICARE claims based on the following method: 

 

All patients who started on one of the seven antidiabetic drug classes, SGLT2I, MET, 

SU, AGI, TZD, GLN, or DPP4I, during January to June 2015 were selected. GLP1RA 

drugs were not included because they were not included in the step therapy. The index 

date was the day a patient filled a prescription of a new drug class with no use of a drug 

within the same drug class 180 days before the index date. The average change in 

utilization of drugs used to treat side effects in the 180 days after versus 180 days before 

the index date was calculated.  

 

This pre-post design is limited in its ability to  provide an estimate of an effect of only 

new use of a drug class because other confounders may exist. However, it gives a simple 

estimate based on real-world data.  
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Table 2.7 [Excerpt from Tab I3a]. Change in Utilization of Drugs that Treat Side 

Effects Per New User of SGLT2I* 

SGLT2I 

   
AntiDM class 

associated with 

SE SE Drug Name 

Ge

ner

ic 

Chg in # of 

Rx per new 

user 

Chg in Qty 

per new user 

SGLT2I GMI DIFLUCAN N 0.000 0.028 

SGLT2I GMI DIFLUCAN 150 N 0.003 0.012 

SGLT2I GMI FLUCONAZOLE Y 0.018 0.168 

SGLT2I GMI FLUCONAZOLE 150 Y 0.054 0.204 

SGLT2I GMI GYNAZOLE 1 N 0.000 0.000 

SGLT2I GMI TERAZOL N 0.000 0.000 

SGLT2I GMI TERCONAZOLE Y 0.005 0.168 

SGLT2I UTI CEFACLOR Y 0.000 0.000 

SGLT2I UTI CEFDINIR Y -0.002 -0.048 

SGLT2I UTI CEFPODOXIME PROXETIL Y 0.001 0.010 

SGLT2I UTI CEPHALEXIN Y -0.012 -0.321 

SGLT2I UTI 

CEPHALEXIN (NOT 250 and 

500mg CAPS, or 250/5 SOLN) Y 0.000 0.000 

SGLT2I UTI KEFLEX N 0.000 0.000 

SGLT2I UTI KEFLEX 750 N 0.000 0.000 

SGLT2I UTI 

AMOXICILLIN-

CLAVULANATE Y -0.001 0.013 

SGLT2I UTI 

AMOXICILLIN-

CLAVULANATE ER TAB Y 0.001 0.011 

SGLT2I UTI AUGMENTIN N 0.000 -0.006 

SGLT2I UTI AUGMENTIN ER TAB N 0.000 0.006 

SGLT2I UTI CIPRO N 0.000 -0.008 

SGLT2I UTI CIPRO SOLN N 0.000 0.000 

SGLT2I UTI CIPROFLOXACIN Y -0.004 0.002 

SGLT2I UTI 

CIPROFLOXACIN ER TAB or 

500/5 SOLN Y 0.000 0.000 

SGLT2I UTI LEVAQUIN N -0.005 -0.048 

SGLT2I UTI LEVOFLOXACIN Y -0.018 -0.154 

SGLT2I UTI OFLOXACIN Y 0.000 0.000 

SGLT2I UTI BACTRIM N 0.000 0.006 

SGLT2I UTI 

SULFAMETHOXAZOLE-

TRIMETHOPRIM Y 0.010 0.162 

SGLT2I UTI SULFATRIM Y 0.000 0.000 

SGLT2I UTI FURADANTIN N 0.000 0.000 

SGLT2I UTI MACROBID N 0.001 0.014 

SGLT2I UTI MACRODANTIN N 0.000 0.000 

SGLT2I UTI MACRODANTIN 50 N 0.000 0.000 

SGLT2I UTI MONUROL N 0.000 0.000 

SGLT2I UTI NITROFURANTOIN Y 0.005 0.056 
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Table 2.7 Continued. 

SGLT2I UTI 

NITROFURANTOIN 

50or100mg 

MACROCRYSTALS Y -0.002 -0.013 

SU/GLN 

Hypogl

ycemia GLUCAGEN N 0.000 0.000 

SU/GLN 

Hypogl

ycemia GLUCAGON N 0.000 0.000 

TOTAL       0.054 0.262 

AntiDM = antidiabetic; Chg = change; GLN = meglitinide; GLP1RA = glucagon-like peptide-1 receptor 

agonist; GMI = genital mycotic infection; N = No; Qty = quantity; Rx = prescription; SE = side effect; 

SGLT2I = sodium-glucose co-transporter 2 inhibitor; SU = sulfonylurea; UTI = urinary tract infection; Y = 

Yes 

Source: TRICARE Claims. Change in quantity and # of Rx per new user were calculated by: 
1) Identifying the number of members who had new use of one of the 7 above drug classes from Jan 1, 

2015 to Jun 30, 2015. 

New use was defined as not having a prescription claim for the same drug in the 180 days before the index 

date. 

Index date = date patient received the first fill during Jan 1, 2015 to Jun 30, 2015 

2) Excluding patients who did not have continuous enrollment during the entire study period (180 days 

before and after the index date) 

3) Summing the total quantity and # of Rx in the 180 days before vs after the index date, taking the 

difference (after minus before), and dividing by the # of new users (after meeting exclusion criteria) 

 

Tab “I4. Drug Formulary and Brand Gen”: This sheet shows the formulary tiers in the 

scenarios with and without formulary changes, as well as brand/generic status. It does 

this for all antidiabetic drugs, drugs used to treat side effects, and antidiabetic supplies. 

The formulary tier data was found using the TRICARE formulary search tool.49 

Brand/generic data came from REDBOOK ONLINE.50  

This sheet also allows the end user to input the percent market share uptake the new 

drugs, Adylxin®, Xultophy®, and the generic exenatide, will have each year (Table 2.8). 

Since Adylxin® and Xultophy® are not available until 12/12/16 and 11/21/16, we do not 

expect to see any utilization until year 2 (February 2017 – January 2018). We expect 3% 

market share based on TRICARE claims showing a 3% initial market share for the 

Tanzeum®, which is in the same drug class as Adylxin® and Xultophy®. Based on 

TRICARE opinion, the generic exenatide will only take 5% of Byetta®’s market share 

because it would be considered an innovator and nonformulary. 
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Table 2.8 [Excerpt from Tab I4]. Requested Input for How New Products Will 

Affect Market Share* 

 Y1 Y2 Y3 Y4 Y5 

% of GLP1RA utilization that shifts to Adylxin? (12/12/16)a 0% 3% 3% 3% 3% 

% of GLP1RA utilization that shifts to Xultophy? (11/21/16)a 0% 3% 3% 3% 3% 

%of utilization that shifts from Byetta to exenatide? (earliest Oct 2017)b 0% 0% 5% 5% 5% 

GLP1RA = glucagon-like peptide-1 receptor agonist; Y = Year number (e.g., Y1 = Year 1) 

aBased on TRICARE experience with Tanzeum® product 

bDerived from TRICARE Expert Opinion 

 

Tab “I5. Drug Rebates”: This sheet shows how rebates are related to point of service, 

generic status, and formulary tier. Table 2.9 provides base case and alternative values for 

the parameter sensitivity analysis. WAC is used as the drug acquisition price when the 

pharmacy point of service is retail non-network or the pharmacy point of services is retail 

network and the drug is not on the formulary. In all other cases, FSS is used as the drug 

acquisition price. This is in accordance with legislation that mandates that TRICARE 

pays no more than the Federal Ceiling Price (FCP) for branded drugs for all points of 

service except all drugs at retail non-network and nonformulary drugs at retail 

network.24,55 Since the FCP is not publicly available, we used the FSS as a substitute. In 

general, the FSS is 3% higher than the FCP.51 When both a VA FFS and Big Four FFS 

was available, we used Big Four FFS because this represents a lower price offered only to 

the four largest federal purchase of pharmaceuticals: the Department of Defense, the VA, 

the Coast Guard, and the Public Health Service. TRICARE is included in the Department 

of Defense.51  

 

In a later parameter sensitivity analysis, WAC was replaced by NADAC. 
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We used publicly available estimates for rebates where possible. The 23% base case 

rebate for branded, formulary drugs was based on a Congressional Budget Office paper 

from 2005 that found that on average, the Department of Defense military treatment 

facility average price was 41% of Average Wholesale Price (AWP) versus the FSS price, 

which was 53% of AWP. Dividing 41% by 53% led to 77%. Thus, the rebate was set as 

23%.51 This is also similar to the requirement that the FCP is 24% less than the 

nonfederal average manufacturer price, with additional discounts if prices beat inflation.51 

Neither the FCP nor the nonfederal average manufacturer price is publicly available. 

 

We chose a 13% rebate for generic formulary drugs in our base case analysis because on 

average, a generic drug was more likely to get a lower rebate than a branded drug. Per 

Academy of Managed Care Pharmacy (AMCP) Guide to Pharmaceutical Payment 

Methods, 2013 Update, Medicaid rebates are 13% of Average Manufacturer Price (AMP) 

for generic drugs, whereas those for branded drugs are 23.1% of AMP.52  

It is likely these rebates do not reflect what TRICARE actually receives. Instead, 

TRICARE can input their own rebates. 
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Table 2.9 [Represented on Tab I5]. Drug Price and Rebates by Point of Service, 

Generic Status, and Formulary Tier 
Point of 

Service 

Generic Status & Formulary Tier Drug Price 

Benchmark 

Rebate 

Base 

Case 

Scenario 

Analysis 

Base 

Case 

Lower 

Bound 

Upper 

Bound 

MTF 

 Branded Drug 

       BCF  FSSa FSSa 23%b 20% 50% 

 Neither BCF, nor NF 11% 5% 20% 

       NF 0% 0% 5% 

 Generic Drug 

      BCF  FSSa FSSa 13%c 10% 25% 

 Neither BCF, nor NF 6% 3% 10% 

      NF 0% 0% 3% 

Mail Order / Retail (Network) 

 Tier 1 (UF and Generic) FSSa FSSa 23%b 20% 50% 

 Tier 2 (UF and Branded) 13%c 10% 25% 

 Tier 3 (NF) 0% 0% 15% 

Retail (Non-network) 

 Tier 1 (UF and Generic) WAC NADAC 0% 0% 15% 

 Tier 2 (UF and Branded) 0% 0% 10% 

 Tier 3 (NF) 0% 0% 5% 

BCF = Basic Core Formulary; FSS = Federal Supply Schedule; MTF = Military Treatment Facility; 

NADAC = National Average Drug Acquisition Cost; NF = Nonformulary; WAC = Wholesale Acquisition 

Cost 

aFSS = Lower of FSS and Big 4 FSS (when available) 
bBased on Congressional Budget Office 2005 paper,51 which found that Department of Defense military 

treatment facility average price is 41% of Average Wholesale Price (AWP) versus the FSS price, which is 

53% of AWP (and the Big 4 FSS, which is 49% of AWP). 41%/53% = 77%. 1-77% = 23% 
cPer AMCP Guide to Pharmaceutical Payment Methods, 2013 Update, Medicaid rebates are 13% of 

Average Manufacturer Price (AMP), whereas brand drugs are 23.1% of AMP.52  

 

Tab “I6. Drug Copay”: This sheet shows how drug copays and coinsurance differ by 

point of service, plan type, and formulary tier. The excerpt provided below only shows 

for year 0 (February 2015 – January 2016). (Table 2.10) The data comes from the 

TRICARE Formulary Search Tool.49 Of note, there was an increase in copay in February 

2016, but there are no expected copay increases in the immediate future. Therefore, the 

copays are slightly higher in year one, and stay constant onwards. 
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Table 2.10 [Excerpt from Tab I6]. Drug Copay and Coinsurance 

Point of Service 

Plan 

Type 

Day 

Supply 

Formulary 

Tier 

Copay* (Y0 and 

before) 

Coinsurance* (Y0 and 

before) 

Retail (Non-

network)           

  Prime 30 3   50% 

    30 2   50% 

    30 1   50% 

  

Non-

Prime 30 3 $47 20% 

    30 2 $20 20% 

    30 1 $20 20% 

Retail 

(Network)           

    30 3 $47   

    30 2 $20   

    30 1 $8   

Mail           

    90 3 $46   

    90 2 $16   

    90 1 $0   

 

Tab “I7. Dispensing Fee”: This sheet shows dispensing fees by point of service and 

brand/generic status. (Table 2.11) These are publicly available dispensing fees per the 

AMCP Guide to Pharmaceutical Payment Methods, 2013.52  

Parameter sensitivity analysis #3 varies the lower and upper bound as shown in Table 

2.11. 

Table 2.11 [Represented on Tab I7]. Dispensing Fees 

Point of Service Generic? Dispensing Fee per rx   

     Base Case Lower Bound Upper Bound 

Retail N $1.66a  $0 $25b 

Retail Y $1.68a  $0 $25b 

        

Mail N $0.74a $0 $25b 

Mail Y $0.74a   $0 $25b 

N = No; Y = Yes 
aPer AMCP Guide to Pharmaceutical Payment Methods, 201352  
bHighest dispensing fee found per Medicaid March 2017 (for a compounded drug in the state of 

Tennessee)56  
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Tab “I8. Baseline M Util”: This sheet allows input of baseline medical utilization, such 

as inpatient visits, length of inpatient visits, emergency room visits, and outpatient visits 

in year 0 (February 2015 – January 2016) and year -1 (Feburary 2014 – January 2015). 

The utilization is separated by direct care, network purchased care, and non-network 

purchased care. This utilization data came from TRICARE claims. Unfortunately, this 

sheet was too large to include. 

 

Additionally, the change in medical utilization after new use of each of the seven drug 

classes, SGLT2I, MET, SU, AGI, TZD, GLN, or DPP4I, is input on this sheet. This was 

determined from TRICARE claims using the exact same method as discussed before for 

change in utilization of drugs that treat side effects of antidiabetic drugs. 

 

Prices for each visit type are also inputted on this sheet. Since medical costs were not 

provided by TRICARE, we used publicly available TRICARE maximum allowable 

charges.53 Medical visit prices differ by site of service, type of provider, length of the 

visit, and geographic area. For inpatient visits, we assumed “Initial hospital care, high 

severity, per day” by a “physician” (as opposed to a “non-physician”) in a “hospital” (as 

opposed to an “office”) for a price of $216.75 per day. We assumed a zip code of 21201 

for all. For emergency room visits, we assumed “Emergency Department visit, urgent 

evaluation”) by a “physician” in a “hospital” for $125.05 per visit. For outpatient visit, 

we assumed “Office/Outpatient visit, established patient, moderate/high severity; 25 

minutes” by a “physician” in an “office” for $115.76.  
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Since it was difficult to tell in the data whether claims were network versus non-network 

purchased care visits, we made assumptions on what percentage of all purchased care 

visits were network versus non-network based on plan type. Based on the TRICARE 

2016 Report to Congress, 36% of TRICARE Standard or Extra visits were non-network 

visits.26 There was no data for the remaining plan types, such as Active Duty, TRICARE 

Prime, or TRICARE FOR LIFE. Since Active Duty members do not pay more when 

using a non-network provider, we also assumed that 36% of purchased care visits were 

non-network. However, TRICARE Prime and TRICARE FOR LIFE members have to 

pay high coinsurance when using non-network; thus, based on TRICARE input, we 

assumed only 5% of purchased care visits were non-network. Across the entire 

population, the average proportion of purchased care claims that were network were 

calculated based on taking a weighted average of the estimated percentages above to be 

90% (= 17.6% who were ADSM or Standard / Extra * 65% + 82.4% who were non-

ADSM Prime or TFL * 95%). On average, we assumed 90% of purchase care claims 

were non-network versus network. 

 

TRICARE pays after OHI, except for a few types of insurance, such as Medicaid, 

TRICARE supplements, State Victims of Crime Compensation Programs, and Indian 

Health Service. Unfortunately, there is no publicly available data on the average amount 

of medical costs TRICARE pays after other health insurance. Although TRICARE 

classifies Medicare coverage separately from other health insurance, we used the 20% 

that TRICARE pays after Medicare for outpatient and emergency room services as a 
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proxy for the amount that TRICARE would pay for medical visits if the enrollee had 

OHI.57  

 

Since TRICARE did not provide cost data, publicly available TRICARE allowable 

charges were used. Since non-network providers can charge up to 15% more than the 

TRICARE allowable charge, we increased the cost for non-network visits by 15%.58 

Nonetheless, the model is built so that TRICARE can input true average medical costs.  

 

Tab “I9. Medical Copay”: This sheet shows medical visit copay and coinsurance by 

plan type, point of service, and type of visit. (Table 2.12) The data comes from the 

TRICARE Formulary Search Tool.49  
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Table 2.12. Medical Copay and Coinsurance 

Plan Type Network Type 

Copay* (Y0 

and before) 

Coinsurance* (Y0 

and before) 

TRICARE PRIME (Non-ADSM) 

without OHI*** Network       

    

Inpatient 

Stay** $11    

    ER Visit $30    

    

Outpatient 

Visit $12    

  
Non-

network       

    

Inpatient 

Stay** $11    

    ER Visit $30    

    

Outpatient 

Visit $12    

TRICARE STANDARD/EXTRA 

without OHI*** Network       

    

Inpatient 

Stay**   25% 

    ER Visit   20% 

    

Outpatient 

Visit   20% 

  
Non-

network       

    

Inpatient 

Stay**   25% 

    ER Visit   25% 

    

Outpatient 

Visit   25% 

ER = Emergency Room; OHI = other health insurance; Y = Year number (e.g., Y0 = Year 0) 
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Analyses 
 

The annual pharmacy budget was calculated by multiplying utilization by drug price and 

(1-rebate), and subtracting cost share. The equation below demonstrates that plan type, 

point of service, drug formulary tier, brand versus generic status, and NDC affect the 

pharmacy cost categories.  

𝐴𝑛𝑛𝑢𝑎𝑙 𝐷𝑟𝑢𝑔 𝐶𝑜𝑠𝑡 = 

∑ ∑ ∑ ∑[𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦𝑖𝑗𝑘𝑙 ∗ 𝑐𝑜𝑠𝑡𝑖𝑗𝑘𝑙 ∗ (1 − 𝑟𝑒𝑏𝑎𝑡𝑒𝑖𝑗𝑘𝑙)] − [𝑓𝑖𝑙𝑙𝑠𝑖𝑗𝑘𝑙 ∗ 𝑐𝑜𝑝𝑎𝑦𝑖𝑗𝑘𝑙

𝑙𝑘𝑗𝑖

] 

Where  

i = plan type, j = point of service, k = drug formulary tier and brand/generic, and l = NDC 

 

 

At certain points of service and for certain plan types, the copay could be a coinsurance 

instead. In other cases, the cost share is the higher of the copay or the coinsurance. If 

coinsurance is used, the equation would become:  

𝐴𝑛𝑛𝑢𝑎𝑙 𝐷𝑟𝑢𝑔 𝐶𝑜𝑠𝑡 = 

∑ ∑ ∑ ∑[𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦𝑖𝑗𝑘𝑙 ∗ 𝑐𝑜𝑠𝑡𝑖𝑗𝑘𝑙 ∗ (1 − 𝑟𝑒𝑏𝑎𝑡𝑒𝑖𝑗𝑘𝑙) ∗ (1 − 𝑐𝑜𝑖𝑛𝑠𝑢𝑟𝑎𝑛𝑐𝑒𝑖𝑗𝑘𝑙

𝑙𝑘𝑗𝑖

)] 

Where  

i = plan type, j = point of service, k = drug formulary tier and brand/generic, and l = NDC 
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The annual medical budget was calculated by multiplying the number of inpatient days, 

emergency room visits, and outpatient visits by their respective costs, and subtracting 

copay, or multiplying by (1 – coinsurance). The equations below demonstrate that plan 

type, point of service and visit type affect the medical cost categories.  

𝐴𝑛𝑛𝑢𝑎𝑙 𝑀𝑒𝑑𝑖𝑐𝑎𝑙 𝐶𝑜𝑠𝑡 = 

∑ ∑ ∑[𝑚𝑒𝑑𝑖𝑐𝑎𝑙_𝑣𝑖𝑠𝑖𝑡𝑖𝑗𝑚 ∗ 𝑣𝑖𝑠𝑖𝑡_𝑝𝑟𝑖𝑐𝑒𝑖𝑗𝑚] − [𝑣𝑖𝑠𝑖𝑡𝑖𝑗𝑚 ∗ 𝑐𝑜𝑝𝑎𝑦𝑖𝑗𝑚

𝑘𝑗𝑖

] 

Where  

i = plan type, j = point of service, and m = visit type (e.g., inpatient day, emergency room 

visit, outpatient visit) 

 

 

𝐴𝑛𝑛𝑢𝑎𝑙 𝑀𝑒𝑑𝑖𝑐𝑎𝑙 𝐶𝑜𝑠𝑡 = 

∑ ∑ ∑ [𝑚𝑒𝑑𝑖𝑐𝑎𝑙_𝑣𝑖𝑠𝑖𝑡𝑖𝑗𝑘 ∗ 𝑣𝑖𝑠𝑖𝑡_𝑝𝑟𝑖𝑐𝑒𝑖𝑗𝑘 ∗ (1 − 𝑐𝑜𝑖𝑛𝑠𝑢𝑟𝑎𝑛𝑐𝑒𝑖𝑗𝑘

𝑎𝑙𝑙 𝑘𝑎𝑙𝑙 𝑗𝑎𝑙𝑙 𝑖

)] 

Where 

i = plan type, j = point of service, and m = visit type (e.g., inpatient day, emergency room 

visit, outpatient visit) 

 

Most parameter values were held constant or assumed to continue on a linear trend. 

(Table 2.4) Any changes in market share that occurred were often applied proportional to 

predicted market share in a scenario without a formulary change.  
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Specifically, population size, rebate, drug copay/coinsurance (after the copay increase of 

February 2016), dispensing fees, medical visit prices, and medical copay/coinsurance 

were held constant.  

 

Uncertainty 
 

There were three major types of uncertainty that our sensitivity analyses addressed: 

 

1) Parameter uncertainty considers the true value of model parameters. Examples  

include values of any parameters in general and when extrapolated to other settings.59  

 

2) Structural uncertainty examines the structural aspects that should be included in the 

model to capture all relevant characteristics of the problem and intervention being 

studied. Examples include disease states to include, the type of function used to 

extrapolate data into other settings or the future.59  

 

3) Methodological uncertainty includes a wide variety of aspects such as how rates are 

discounted, how time horizon and perspective are chosen (and what is “correct”), how 

utilities are measured and weighted by age (and again, what is “correct”).59  

 

Parameter uncertainty 

There were six parameter sensitivity analyses:  
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1) Shift in Market Share Due to Formulary Changes. Best and worst case one-way 

sensitivity analyses of the switch rates, variables 1, 2, and 4 in Table 2.6, were conducted 

using 0% to 100% as the range. A tornado diagram was also presented.  

Worst and best case scenario analyses were also conducted using 0% and 100% switch 

for all the switch rates, including variables 1, 2, and 4 in Table 2.6. 

 

2) Rebates. Best and worst case scenario analyses using all lower and upper bounds for 

values of rebates shown in Table 2.9 were conducted. 

 

3) Dispensing Fees. Best and worst case scenario analyses using all lower and upper 

bounds for values of dispensing fees shown in Table 2.11 were conducted.  

 

4) NADAC. NADAC replaced WAC for all drugs at the retail non-network point of 

service, and the retail network point of service but only for nonformulary drugs per 

legislation.24,55 Unfortunately, antidiabetic supplies did not have NADAC available. 

 

NADAC prices may be a better estimate of the true value of pharmacy acquisition costs. 

NADAC are determined by a contractor for the Center for Medicare and Medicaid 

Services.60 Each month, a voluntary, monthly survey is sent to retail, community (both 

independent and chain) pharmacies nationwide. Survey invoice prices are averaged 

across pharmacies and updated weekly. The focus of the survey is retail pharmacy 

acquisition costs.  
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5) Five Month Delay in Implementation. Per TRICARE request, we conducted a 

scenario analysis estimating what would happen if the formulary changes were 

implemented five months late. Here, we multiplied switch rate variables 1, 2, and 4 of 

Table 2.6 by 7/12 for Y1. 

 

6) Time Horizon. The three year base case horizon was expanded to five years. 

However, all charts already showed annual estimates up to five years.  

 

 

Structural uncertainty 

There were six sensitivity analyses addressing structural uncertainty. In each of these 

sensitivity analyses, there was either an element added or changed in the model structure, 

or the type of function used to extrapolate data was modified. 

 

1) GLP1RA: Utilization and cost were narrowed from all antidiabetic drugs directly 

affected by formulary changes to only GLP1RA drug per TRICARE request.  

 

2) SGLT2I: Utilization and cost were narrowed from all antidiabetic drugs directly 

affected by formulary changes to only SGLT2I drug per TRICARE request.  

 

3) Antidiabetic Drugs Indirectly Affected: Utilization and cost were expanded to 

include medications from the remaining four antidiabetic drug classes, which could be 
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indirectly affected by the formulary changes. These included insulin, amylin mimetic, 

bile acid sequestrant, and dopamine-2 agonist.  

 

4) Antidiabetic Supplies: Utilization and cost were broadened further to include 

antidiabetic supplies, such as test strips, lancets, needles, and syringes. 

 

5) Medical Visits: Utilization and cost were broadened to include medical utilization, 

such as outpatient visits, emergency room visits, and inpatient days.  

 

6) No Trend: There was no trend to predict “natural” changes in utilization of drugs, 

antidiabetic supplies, and medical visits, as well as costs of drugs and antidiabetic 

supplies. Instead, the values from the baseline year (February 2015 – January 2016) were 

assumed to stay constant. 

 

 

Methodological uncertainty 

Another important aspect of uncertainty is methodological uncertainty. While we did not 

address this explicitly, the parameter sensitivity analysis on “Time horizon” and 

structural sensitivity analysis on “Medical visits” might be interpreted as methodological 

uncertainty if considering what is the “correct” study time period and “correct” 

perspective. 
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Results 
 

Base Case Analysis 
 

In the base case, the impact on antidiabetic drug spend at year three would be $43 million 

in savings for a population of 623,827 TRICARE beneficiaries (Figure 2.3). This was 

based on the model predicting an antidiabetic drug spend of $837 million with formulary 

changes and $880 million without formulary changes. The $43 million net savings 

consisted of $38 million in savings in acquisition costs, $9 million in savings in rebates, 

$4 million in additional copay costs, and $10,843 in additional dispensing fees. 

 

In year three, there would be an approximate 1.1 million fewer days’ worth of SGLT2I 

utilization in the scenario with a formulary change versus no formulary change (Figure 

2.3). A reduction in SGLT2I utilization was expected because of the additional SGLT2I 

step therapy requirements. This corresponded to a 0.3 percentage point lower market 

share of SGLT2I in the scenario with a formulary change versus no formulary change. 

 

In the base case, the impact on side effect drug treatment spend at year three would be 

$12,601 in savings (Figure 2.4). The model predicted $17.63 versus $17.64 million spent 

on side effect drug treatment with and without formulary changes, respectively. In year 

three, there would be 1,791 fewer days of side effect treatment in the scenario with a 

formulary change versus without a formulary change (Figure 2.4). This decrease would 

be largely due to 3,165 fewer days of fluconazole or fluconazole 150 mg utilization, 
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which are often used to treat genital mycotic infection. However, there were 691 days 

more of glucagon utilization, which is used to treat hypoglycemia (Figure 2.4).  

 

Antidiabetic Drugs 

Figure 2.3. Base Case Output- Impact on Antidiabetic Drugs 
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Figure 2.3 Continued.  

 

 

 

AGI = alpha-glucosidase inhibitor; AntiDM = antidiabetic; Diff = difference; DPP4I = dipeptidyl 

peptidase-4 inhibitor; FC = formulary change; GLP1RA = glucagon-like peptide-1 receptor agonist; 

SGLT2I = sodium-glucose co-transporter 2 inhibitor; Y = Year number (e.g., Y0 = Year 0) 
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Side Effect Treatment 

Figure 2.4. Base Case Output- Impact on Side Effect Treatment 
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Figure 2.4 Continued.  

 

 

 
Diff = difference; FC = formulary change; GLN = meglitinide; GMI = genital mycotic infection; POS = 

point of service; SE = side effect; SGLT2I = sodium-glucose co-transporter 2 inhibitor; SU = sulfonylurea; 

UTI = urinary tract infection; Y = Year number (e.g., Y0 = Year 0) 
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Sensitivity Analyses 
 

In the base case scenario, the formulary change resulted in $43 million in savings for 

spending on antidiabetic drugs directly affected by the formulary changes. This predicted 

budget impact is most sensitive to the worst case and best case scenarios in which all 

three switch rates (GLP1RA, SGLT2I preferred, and SGLT2I step) were set to 0% or 

100%, respectively (Figure 2.5). In the worst case scenario, the $43 million in savings 

decreased to $18 million in costs in year 3. In the best case scenario, the $43 million in 

savings increased to $75 million in savings in year three. 

 

Of the three switch rates, the predicted budget impact in year three was most sensitive to 

the GLP1RA switch rate. When the switch rate from nonpreferred to preferred GLP1RA 

drugs was varied from 0% to 100%, the $43 million in savings decreased to $13 million 

in savings and increased to $60 million in savings, respectively (Figure 2.5). 

 

When no natural trend was assumed, the $43 million in savings decreased to $15 million 

in savings (Figure 2.5). When the time horizon was decreased to 1 year or increased to 5 

years, the $43 million in savings decreased to $18 million in savings and increased to $50 

million in savings, respectively (Figure 2.5). Using NADAC instead of WAC resulted in 

the $43 million in savings decreasing to $37 million in savings (Figure 2.5). Varying 

rebates and dispensing fees did not greatly change the budget impact. The scenario in 

which there was a delay in the implementation of the formulary changes by five months 

in the first year did not change the budget impact in year 3. 
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Figure 2.5. Year 3 Impact on Annual Budget for Antidiabetic Drugs Directly 

Affected by Formulary Changes After Varying Parameter and Structural 

Assumptions 

 

GLP1RA = glucagon-like peptide-1 receptor agonist; imp = implementation; NADAC = National average 

drug acquisition cost; SGLT2I = sodium-glucose co-transporter 2 inhibitor 

 

 

In the base case, the predicted budget for year 3 with formulary changes for antidiabetic 

drugs directly affected by formulary changes was $837 million. This budget in year 3 

varied most when there was no trend assumed, decreasing to $623 million (Figure 2.6). 

When the time horizon was decreased to one year or increased to five years, the $837 

million decreased to $687 million and increased to $1 billion, respectively (Figure 2.6). 

When rebates were decreased or increased, the predicted budget also varied greatly, from 

$837 million to $860 million and $680 million, respectively (Figure 2.6). 
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Figure 2.6. Year 3 Budget (with Formulary Changes) for Antidiabetic Drugs 

Directly Affected by Formulary Changes After Varying Parameter and Structural 

Assumptions 

 
GLP1RA = glucagon-like peptide-1 receptor agonist; imp = implementation; NADAC = National average 

drug acquisition cost; SGLT2I = sodium-glucose co-transporter 2 inhibitor 

 

In the base case scenario, the impact of the formulary changes in year 3 on spending for 

drug side effect treatment was approximately $12,600 in savings. This budget impact on 

drug side effect treatment was most sensitive to best and worst case scenarios involving 

all three switch rates ($0 to approximately $42,000 in savings), the SGLT2I step therapy 

switch rate in particular ($0 to approximately $42,000 in savings), and using NADAC 

instead of WAC (approximately $3,000 in savings; Figure 2.7). 

Figure 2.7. Year 3 Impact on Annual Budget for Drug Side Effect Treatment After 

Varying Parameter and Structural Assumptions 

 

GLP1RA = glucagon-like peptide-1 receptor agonist; imp = implementation; NADAC = National average 

drug acquisition cost; SGLT2I = sodium-glucose co-transporter 2 inhibitor 
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In the base case scenario, the predicted budget for drug side effect treatment in year 3 

with formulary changes was $17.6 million. This budget was most sensitive to varying 

dispensing fees from $0 to $25 ($17 million to $29 million), assuming no trend ($10 

million), and varying the time horizon from one year to five years ($12 million to $24 

million; Figure 2.8). 

 

Figure 2.8. Year 3 Budget (with Formulary Changes) for Drug Side Effect 

Treatment After Varying Parameter and Structural Assumptions 

 

GLP1RA = glucagon-like peptide-1 receptor agonist; imp = implementation; NADAC = National average 

drug acquisition cost; SGLT2I = sodium-glucose co-transporter 2 inhibitor 

 

 

When comparing the impact in year 3 of the formulary changes on different pharmacy 

categories Figure 2.9), the predicted savings from the budget for the antidiabetic drugs 

directly affected by the formulary changes was much larger than that for side effect 

treatment ($43 million versus $12,601, respectively). The $43 million in savings was 

largely due to the $40 million in savings for the SGLT2I drug class, and less so from the 

$6 million in savings for the GLP1RA drug class (Figure 2.9). However, there was higher 

spending for the GLP1RA drug class than the SGLT2I drug class ($202-$208 million 
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versus $106-$146 million, respectively; Figure 2.10). There was no impact predicted for 

the formulary changes on antidiabetic drugs indirectly affected by formulary changes, 

such as basal insulins, pramlintide, colesevelam, and bromocriptine, as well as on 

antidiabetic supplies (Figure 2.9). However, there was substantial spending on 

antidiabetic drugs indirectly affected by formulary changes ($236 million and $44 

million, respectively; Figure 2.10).  

 

Figure 2.9. Year 3 Impact on Pharmacy Budget by Drug or Device Category 

 

AntiDM_dir = antidiabetic drugs directly affected by the formulary changes; AntiDM_ind = antidiabetic 

drugs indirectly affected by the formulary changes; Diff = difference; GLP1RA = glucagon-like peptide-1 

receptor agonist; SE = side effect; SGLT2I = sodium-glucose co-transporter 2 inhibitor; Supp = supplies; 

Tx = treatment 

 

  



105 

 

Figure 2.10. Year 3 Pharmacy Budget by Drug or Device Category 

 

AntiDM_dir = antidiabetic drugs directly affected by the formulary changes; AntiDM_ind = antidiabetic 

drugs indirectly affected by the formulary changes; Diff = difference; FC = formulary change; GLP1RA = 

glucagon-like peptide-1 receptor agonist; SE = side effect; SGLT2I = sodium-glucose co-transporter 2 

inhibitor; Supp = supplies; Tx = treatment 

 

Although the impact of the formulary changes in year 3 is higher for pharmacy spending 

than medical spending ($43 million in savings versus $529,439 in savings; Figure 2.11), 

the medical budget in year 3 is higher than the pharmacy budget ($4.1 billion versus $837 

million; Figure 2.11).  

 

The majority of the $529,439 in medical savings in year 3 is from savings in inpatient 

utilization ($535,209 in savings; Figure 2.12).  
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Figure 2.11. Summary Impact on Medical and Pharmacy Benefits 

 

 

 

AntiDM_dir = antidiabetic drugs directly affected by the formulary changes; Diff = difference; FC = 

formulary change; GLP1RA = glucagon-like peptide-1 receptor agonist; SE = side effect; SGLT2I = 

sodium-glucose co-transporter 2 inhibitor; Tx = treatment; Y = Year number (e.g., Y0 = Year 0) 
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Figure 2.12. Impact and Spending for Medical Services 

  

 

 

Diff = difference; ER = emergency room; FC = formulary change; Inpt = inpatient; Outpt = outpatient; Util 

= utilization; Y = year number (e.g., Y0 = Year 0) 
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Conclusions and Limitations 
 

Conclusions 

Our BIA of the formulary changes suggested savings for TRICARE. At year 3, there 

would be $43 million in savings for spending on antidiabetic drugs directly involved in 

the formulary changes, and $12,601 in savings for reduced spending on side effect 

treatment for those antidiabetic drugs. When examining impact on medical costs, there 

would be savings of $529,439. The majority of the $43 million in savings was from 

savings for the SGLT2I drug class. Drugs not directly affected by the formulary changes 

and antidiabetic supplies were not predicted to incur any savings or costs.  

 

The savings resulting from formulary changes varied the most when varying all three 

switch rates for the GLP1RA nonpreferred to preferred agents, SGLT2I nonpreferred to 

preferred agents, and SGLT2I step therapy drug classes. Of the three switch rates, the 

GLP1RA switch rate made the largest impact on the savings from the formulary changes. 

 

When no underlying trend was assumed, the time horizon was decreased to one year, or 

NADAC was used instead of WAC, the $43 million in savings from the formulary 

change decreased.  

 

Limitations 

A major limitation of this study was the lack of actual TRICARE cost information. To 

overcome this barrier, we used publicly available benchmarks, including FSS, WAC, and 

NADAC, to estimate drug costs and publicly available TRICARE allowable charges to 



109 

 

estimate medical visit costs. For drug rebates, we used broad estimates from a study 

conducted by the Congressional Budget Office. We have also built this model in a way 

that allows TRICARE to input their actual costs. 

 

Another limitation of this study was using a pre-post design on TRICARE claims to 

determine estimated changes in utilization of side effect drug treatments and medical 

visits after new use of antidiabetic drug classes. To be more precise with these estimates, 

one could use a difference-in-difference design with a control group; however, no 

adequate control groups were found.  

 

Additionally, the baseline utilization time period was a year when there were other policy 

changes requiring the movement of prescriptions to be filled at mail order or military 

treatment facility pharmacies for specific branded maintenance medications. Specifically, 

these policy changes were implemented for those 65 years of age and older in March 

2014 and for those younger than 65 years of age in October 2015. Thus, we would expect 

a shift in utilization to mail order or military treatment facility pharmacies in the future 

for specific branded maintenance medications. 

 

Next, deductibles and extra patient cost sharing were not included. At some points of 

service and plan types, there is extra patient cost share due to enrollees not getting a 

referral. However, we do not think these formulary changes would significantly impact 

the utilization and costs from these deductibles and extra patient cost sharing. 
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A smaller limitation of this study was the lack of overseas claims. Thus, we have 

excluded the payment of services for those TRICARE populations. 

 

 

Graphics and Tables 
 

The following graphics and tables were provided throughout the chapter. These were 

recommended by ISPOR guidelines.31,32  

 Figure of the analytical framework 

 Table of assumptions 

 Tables of inputs 

 Tables of outputs 

 Schematic representation of uncertainty analyses 
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Chapter 3 
 

Validation of the budget impact model is critical to establish confidence in, and therefore 

usefulness of, the model. Validation can also assist with improving the BIA modeling 

process. The ISPOR 2014 and 2007 guidelines for BIA mention validation briefly. This 

chapter expands upon these recommendations. It then describes the process and results of 

validating the budget impact model from Chapter 2. 

 

The 2014 ISPOR BIA guideline mentions that, “two of the standard steps in validation 

should be applied in the BIA:  

1) determine face validity through agreement with relevant decision makers on the 

computing framework, aspects included, and how they are addressed (e.g., access 

restrictions and time horizon); and  

2) verification of the cost calculator or model implementation, including all 

formulas.”32  

Additionally, the guideline goes on to recommend a third step: 

3) “where possible, the observed costs in a health plan with the current interventions 

should be compared with the initial-year estimates from a BIA.”32  

 

The 2007 ISPOR BIA guideline does not provide its own guidance on validation. Instead, 

it refers to using the general validation framework described by another ISPOR good 

research practice guideline that applies to all modeling studies.37,47 This guideline 

suggests validation of three categories: i) internal validation (e.g., internal verification), 

ii) between-model validation, and iii) external and predictive validation. 
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General Themes in Model Validation 
 

Before discussing face validity, internal verification, and predictive validity, we will first 

discuss general themes in model validation. Validation is “a process for judging a 

model’s accuracy in making relevant predictions.”61 Validation is very important because 

models, and in particular budget impact models, are often not trusted due to the many 

assumptions, complexity and therefore greater user knowledge requirements, and 

sponsorship by parties with potential conflicts of interest.61 Thus, validation can help 

achieve credibility, which has to do with whether end users believe the model and its 

results are “correct” and are therefore confident in using the model and its results.62,63 

Models can even be accredited if an official from a sponsor certifies that a model is 

acceptable, usually through a process of satisfying criteria.62,63 Note that multiple 

versions are usually required before questions about model validity are satisified.63 And 

yet, even then, new evidence may be generated later and the model may be recalibrated in 

the future. Thus, models should not be thought of as “complete”.47  

 

Several parties can determine whether a model is valid, including model development 

teams, users, an independent third party, or less commonly, a scoring model.63 However, 

depending on the complexity of the model, often the modeler is the only one who can 

fully assess the validity of a model.61 There are different tools and guidelines that can be 

used to help assess model validation. These include the ISPOR-AMCP-National 

Pharmaceutical Council (NPC) Questionnaire,61 A Validation-Assessment Tool of 

Health-Economic Models for Decision Makers and Model Users (AdVISHE) by Vemer 

et al.,64 and ISPOR Task Force Report on Principles of Good Practice for Decision 
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Analytic Modeling in Health-Care Evaluation.47 Importantly, while the ISPOR-AMCP-

NPC Questionnaire is intended to be used by model users, the AdVISHE guideline is 

intended to be used by the modeler.64 Other guidelines can be useful in assessing the 

quality of an economic evaluation65-67 or even the quality of what is reported in an 

economic evalution.68  

 

Models are usually specific to an application; therefore, validation should also be specific 

to an application.62,63,69 If a model has multiple applications, then validation should be 

conducted for each of the applications.70 Additionally, validation should be conducted for 

all parts of the model, including the conceptual model, input data, computerized model, 

and model outcomes.64,70 There are also times when parts of a model cannot be validated 

due to a lack of relevant data sources. In these cases, one should identify and describe the 

impact of the uncertainty around these parts of a model.70  

 

To assess validity, models need to be transparent. Transparency is “the extent to which 

interested parties can review a model’s structure, equations, parameter values, and 

assumptions.”69 The goal of transparency is to inform those who want a general 

understanding of how the model works, as well as those who want enough detail to allow 

them to replicate the model.69 Thus, both technical and nontechnical documentation 

should be provided.70  

 

The nontechnical documentation should include elements such as model type, purpose, 

structure, data sources, any discrepancies between the data sources and the model that 
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would affect results, inputs, outputs, functional relationships between inputs and outputs, 

validation testing and results, limitations.63,70 Funding sources and potential conflict of 

interest issues should also be provided in the nontechnical documentation.66,68,70 

Meanwhile, the technical documentation should include the aforementioned elements, but 

in such detail that one could replicate the data. In both these types of documentation, 

graphs are recommended to increase transparency.63 Of note, whereas the nontechnical 

documentation should be publicly available, the technical documentation should be 

provided in a way that protects intellectual property.70  

 

The next sections in this chapter will discuss face validity, internal verification, and 

predictive validity based on the ISPOR BIA guidelines. Between-model validation testing 

was not conducted because although TRICARE did have their own BIA, this BIA was 

not shared.  
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Section 1. Face Validity 

 

Background 

Face validity is defined as “the extent to which a model, its assumptions, and applications 

correspond to current science and evidence, as judged by people who have expertise in 

the problem.”69 In a broader sense, a model has face validity if experts believe the model 

and its behavior are reasonable.63 If aspects of the model do not make intuitive sense, 

these discrepancies and their potential impact on results should be explained.65,69  

 

Face validity should be assessed by experts who are impartial to the results of the 

analysis.70  

 

There are three model validation guidances that discuss face validity and can be applied 

to budget impact models: the 2012 ISPOR-Society for Medical Decision Making 

(SMDM),69 2014 ISPOR-AMCP-NPC,61 and 2015 AdViSHE guidances.64 These 

guidances agree that face validity should be assessed in three separate areas related to the 

model: 1) Structure/Conceptual Model; 2) Data; and 3) Results. Based on these guidances 

as well as ISPOR BIA guidelines,31,32,61,64,69 we developed a two-part questionnaire to 

select and ask experts when assessing face validity for budget impact models (Figure 

3.1). 
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Figure 3.1. Budget Impact Model Face Validity Questionnaire 

 

Part 1. Selection of Experts 

1. Who are the experts that you have chosen? 

2. Justify why they are considered experts. 

3. Do the experts have any potential conflicts of interest with the model? 

Part 2. Questions to Ask Experts 

Structure / Conceptual Model 

1. Does the model contain all aspects (e.g. interventions, medical and pharmacy 

resource utilization, health care system features) that are relevant to the decision 

according to the specified perspective?   

2. Are these aspects represented and linked according to your best understanding? 

3. Is the time horizon appropriate for the model’s objective and long enough to 

account for all relevant aspects? 

Data 

1. Have the best available data sources been used (especially for current utilization, 

shifts in market share, and impact on other disease-related costs)? If data was not 

used for current utilization, shifts in market share, and/or impact on other disease-

related costs, do predictions seem reasonable? 

2. Is there potential bias in these data?  

3. Is the data generalizable to the target population? 

Results 

1. Do the results match your expectations? If not, are they plausible?  

2. Repeat all questions above for each scenario examined in the budget impact 

model, including those in sensitivity analyses and subgroup analyses 

3. Do sensitivity analyses include the most important scenarios? 

 

If experts are unsure of whether the model structure, data, or results are reasonable, the 

Turing test, in which the expert is asked if they can discriminate between model and real 

world evidence, can be used.63  

 

The face validity process should be described in the nontechnical validation 

documentation that is publicly available. Answers to the questionnaire should be 

documented and included as part of the technical validation documentation that is 

available under protection of property rights. 
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Methods 
 

To assess the face validity of the model, four experts (three faculty members and one 

individual from the DHA Pharmacy Operations Division) were selected to review the 

model and raise any issues after considering the Budget Impact Model (BIM) Face 

Validity Questionnaire (see Figure 3.1).  

 

Results 
 

Table 3.1. Summary of Key Recommendations From Face Validity Check 
Topic Recommendation from Expert Response to 

Recommendation 

Structure / Conceptual Model - Add Soliqua® 

- Decrease market share shift of 

Byetta® to exenatide (generic) from 

5% to 1% 

- Consider adjusting prices for 

inflation in the future 

- Need to lower costs paid for 

prescriptions for those with OHI 

- Added Soliqua® 

- Decreased market share 

shift of Byetta® to 

exenatide (generic) from 

5% to 1% 

- Considered adjusting 

prices but discussed with a 

budget impact modeling 

expert and since it is 

difficult to justify an 

estimate for future 

inflation, we did not 

include. Listed as 

limitation instead. 

- OHI was incorporated 

into the model. It was 

assumed that for those with 

OHI, TRICARE paid 30% 

of pharmacy costs. 

Data Keep in mind that mandatory mail 

and MTF policies for specific 

branded maintenance drugs went into 

effect Mar 2014 and Oct 2015. Thus, 

the “natural” utilization trend from 

February 2014 – January 2015 to 

February 2015 – January 2016 may 

incorporate these utilization shifts 

from retail to mail or MTF POS and 

we would not expect these shifts in 

our study time period 

This was listed as a 

limitation 
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Table 3.1 Continued. 
Results - Wrong market share %’s provided 

in tab I3 

- For the 5-month implementation 

delay sensitivity analysis, the switch 

rates in Y2 – Y5 were not correct 

- Consider adding a sensitivity 

analysis scenario that basal insulin 

could be used more due to decreased 

access to GLP1RA (10% decrease to 

20% increase in insulin use) 

- Fixed market share %’s in 

tab I3 

- Fixed Y2-Y5 switch rates 

in P5 tab 

- Considered adding this as 

a sensitivity analysis but 

after discussing further 

with a TRICARE expert, 

we decided not to because 

it is too easy for prescribers 

to get around the PA 

criteria and the insulins 

have their own preferred 

products 

Other - Change location of legend on tab I4 

- Have O1 tab results pop up after 

each sensitivity analysis 

- There are glitches when sensitivity 

analyses run (tables flash and 

disappear) 

- On sensitivity analysis tab, add 

notes to describe each tab 

 

- Changed location of 

legend 

- Set macros so that O1 tab 

results pop up after each 

sensitivity analysis 

- Removed extra objects so 

fewer glitches when 

sensitivity analyses 

- Added notes on 

sensitivity analysis tab 

GLP1RA = glucagon-like peptide-1 receptor agonist; I = Input tab number (e.g., I1 = Input tab 1 of model); 

MTF = military treatment facility; O = Output tab number (e.g., O1 = Output tab 1 of model); OHI = other 

health insurance; PA = prior authorization; Y = Year number (e.g., Y3 = Year 3) 

 

 

The four experts selected were knowledgeable in different areas: the TRICARE 

formulary changes of interest, diabetes treatment, modeling, and the TRICARE data and 

system. For the most part, the model seemed to have face validity. However, there were 

several issues that were brought up and resolved (Table 3.1). For example, in the model, 

TRICARE did not pay less for those with OHI for their pharmacy benefit. Thus, this was 

later built into the model with an assumption that TRICARE would pay 30% of pharmacy 

costs for those with OHI for the pharmacy benefit. Since actual cost data was not 

provided, the 30% was crudely calculated based on the 2016 TRICARE Report to 

Congress, which noted that OHI pharmacy payments accounted for approximately 7% of 

the entire pharmacy budget.26 After back calculating, seven percent of the entire 
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pharmacy budget was approximately equal to assuming that TRICARE would pay for 

30% of pharmacy costs for those with OHI for the pharmacy benefit.  

 

Another key issue that was identified was that additional policy changes had occurred in 

the baseline year, or year before the formulary change. This meant that only two months 

of the baseline year data would be reflective of future utilization without the formulary 

change. One could argue to annualize the two months of data; however, there would 

likely be seasonal effects that would make the annualized data a poor estimate of future 

annual utilization. Given that this was the only data available, this issue was added to the 

list of limitations.  

 

A third issue that was raised was whether costs should be adjusted for inflation in the 

future. ISPOR BIA guidelines recommend that an attempt be made to forecast these if the 

assumptions can be justified and supported by evidence if feasible.32 Considering that 

there is not much evidence for the future, and predicting inflation without such evidence 

could introduce bias, we did not adjust for inflation of drug and medical costs. Instead, 

this was noted in the limitations section.  

 

A fifth issue that was identified was whether the selection of a preferred GLP1RA would 

lead to decreased utilization of basal insulin. Considering that the TRICARE GLP1RA 

prior authorization criteria can be easily satisfied and the basal insulins have their own 

preferred products, it was decided to keep the expectation that a preferred GLP1RA 

would not significantly decrease utilization of basal insulin. 
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Other issues, such as including spelling errors, market share shift errors, formatting 

suggestions, were fixed. Section 1 in the technical report provides the detailed BIM Face 

Validity Questionnaire responses from each expert. The technical report is available by 

request. 
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Section 2. Internal Verification 

 

Background 

Internal verification addresses whether the mathematical calculations and computer 

program of the model have been performed correctly and consistent with the model’s 

specifications.61,63,65,69 Internal verification is also known as verification, internal validity, 

internal consistency, internal testing, technical validity, technical validation, 

computerized model validity, and debugging,47,61,64,65,69 For example, when a Delphi 

panel was conducted, internal validity was interpreted differently by several members.64  

 

There are three model validation guidances that discuss internal verification and can be 

applied to budget impact models: the 2012 ISPOR-SMDM,69 2014 ISPOR-AMCP-

NPC,61 and 2015 AdViSHE guidances.64 The two main steps include: i) verifying 

individual equations and input parameters against their sources and ii) checking that code 

was accurately implemented.61,69 This should be done systematically.61  

 

The following are examples of techniques that can be used to assess internal verification. 

- Traces: Following (or tracing) units (often patients) through the model and 

assessing if the model logic is behaving appropriately63,64,69  

- Extreme Condition Tests: Inputting extremely high or low input values and 

assessing if the model outputs are plausible47,63,64,69  

- Unit Tests: Examining separate parts of a model one by one64,69  
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- Replication Tests: Running the program multiple times with equivalent input 

values and determining if model outputs are the same47  

- Structured “Walk-throughs”: Explaining the code to others who are searching 

for errors69  

- Double programming: Independent programming by two different people or 

using two types of software69  

 

The internal verification process and its results should be reported in the technical 

documentation of the model that is available under condition of protection of property 

rights.47,61,70  

 

Methods 
 

Structured “walk-throughs”, unit tests, extreme condition tests, traces, replication tests, 

and double programming were used during the internal verification process. Table 3.2 

describes how for each technique was performed. For structured “walk-throughs”, experts 

helping assess face validity of the model were walked through each of the main input and 

output tabs in the excel workbook. For unit tests, the modeler checked that everything 

was working correctly for each tab, and specifically, the modeler compared input data to 

the source and made sure individual equations were accurate.  

 

Extreme condition tests were based on assessing results from sensitivity analyses and 

subgroup analyses. Some of these analyses provided good test cases of very little 

utilization. Traces were conducted by looking at key model outputs and making sure they 
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were correct by tracing their calculations back to the original data. Traces were also 

commonly used alongside other techniques. When another technique led to questionable 

results, these model outputs were traced back to the problem. 

 

For replication tests, the modeler verified that the results did not change when rerunning 

all macros. Double programming typically involves programming by another person or in 

another type of software. In our case, the original modeler reprogrammed sections of tabs 

to see if the same results were seen. 

 

Results 
 

Table 3.2 shows some of the key findings from the internal verification process. Section 2 

of the technical report provides further details. Some of the key findings included 

mistakes in equations, input data that was missing, out of order, or misclassified, DIV/0 

errors (a division by 0 error that occurs in Microsoft Excel), and improvement in 

formatting or readability. After other modifications were made to the model based on 

recommendations from the face validity process, new errors related to these 

modifications surfaced. 
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Table 3.2. Key Findings and Updates from Internal Verification Process 
Technique What was done Findings & Changes 

Structured “Walk-

throughs” 

Went through main input and output 

tabs in the model spreadsheet with 

each face validity expert 

Findings, such as wrong market share 

percentages in the I3 tab, were 

reported in the face validity section 

Unit Tests Looked through each tab, checked 

equations, compared data with input 

data, and searched for errors. 

Found and corrected mistakes in input 

data where values were out of order, 

missing, or misclassified. 

 

Found and corrected errors in 

equations that did not account for OHI 

versus non-OHI after 

recommendations from the face 

validity process. 

 

Changes to improve formatting and 

readability.  

Extreme Condition 

Tests: Sensitivity and 

subgroup analyses 

Examined results for each sensitivity 

and subgroup analysis. Some of these 

sensitivity and subgroup analyses had 

very little utilization. 

 

Created additional scenarios 

combining sensitivity analyses,  

subgroup analyses, and artificial data. 

Compared these results to what would 

be expected. 

Found odd trends over time in budget 

and budget impact. Traced these back 

to errors in equations; fixed these 

errors. 

 

Found DIV/0 errors in the output tab. 

Traced these back to the lack of 

utilization of a drug class for some 

subset models. Fixed. 

Traces Traced key budget and budget impact 

results on output tabs back. 

 

When errors were found, we traced 

errors back to the original input data. 

See above 

Replication Tests Checked that running all macros (e.g., 

reset buttons, sensitivity analysis 

buttons, cost driver buttons) would 

lead to the same results 

No errors found 

Double Programming Reprogrammed sections of tabs and 

checked results with original tab. 

 

Reprogrammed calculation of Y0 net 

budget in SAS and found errors in 

data input values on Copay tabs. 

Corrected data input values on Copay 

tabs. 

 

I = Input tab number (e.g., I1 = Input tab 1 of model); OHI = other health insurance; Y = Year number 

(e.g., Y3 = Year 3) 
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Section 3. Predictive Validity 

Background 

Predictive validity relates to how closely a model forecasts observed events in the 

future.69 Predictive validity is also known as predictive accuracy and forecast accuracy.71 

Predictive validity is the strongest form of validation and should be performed whenever 

feasible because predictive validation reveals how well a model achieved its intended 

purpose.61,69 Predictive validation is also highly convincing because it is truly 

independent and cannot be influenced to fit the observed data in some way.61,69 However, 

a model should not be criticized for poor predictive validity because unforeseen 

circumstances may occur in the future.47 Instead, a model should be recalibrated to adapt 

to new evidence as it becomes available.47  

 

Although model validation guidances, such as the 2012 ISPOR-SMDM69 and 2014 

ISPOR-AMCP-NPC61 guidances, mention conducting predictive validation, they do not 

provide in-depth suggestions regarding the types of forecast error measures to use when 

comparing model forecasts to actual observed events. Common forecast error measures 

include R2, mean absolute error, mean absolute percentage error, and root mean squared 

error.71-76 Other measures include absolute difference, median absolute error, median 

absolute percentage error, and mean absolute scaled error.77  

 

Hyndman and colleagues discuss the advantages and disadvantages of different types of 

measures.77 The absolute error measures are easy to understand but are scale-dependent. 

Thus, they should only be used when scales are the same. The absolute percentage error 
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measures are scale-independent; however, if the actual value, which is in the 

denominator, is very small and approaches zero, the measure becomes very large and 

approaches infinity. The relative error measures are calculated as a ratio of the error from 

the current forecasting method and the error from a naïve forecasting method, often the 

random walk method. Relative error measures also may become very large and approach 

infinity if the error from the random walk method, which is in the denominator, is very 

small and approaches zero (e.g., when the last value is very close to or the same as the 

actual value). Hyndman and colleagues ultimately recommend using the mean absolute 

scaled error (MASE) measure. This measure is scale-independent and does not have 

issues of approaching infinity, unless every single actual value is the same as the last 

value, which is rare.77 MASE is calculated as:77  

MASE = mean(|qt|), where 

qt = 
𝑒𝑡

1

𝑛−1
∑ |𝑌𝑖−𝑌𝑖−1|𝑛

𝑖=2

  

When qt is less than one, the forecast performs better than the average one-step naïve 

forecast computed in-sample.  

 

Results from predictive validation should be provided as part of an update to the 

nontechnical documentation that is publicly available. 

 

Methods 
 

Since part of the implementation of the formulary changes was delayed until July 6, 

2017, we estimated the budget and budget impact for the year after the initial 
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implementation date (February 3, 2016 to February 2, 2017) as well as the year after the 

second implementation date (July 6, 2016 to July 5, 2017). 

 

Part 1a- February 3, 2016 to February 2, 2017: Y1FC Budget 

Since we did not have access to actual TRICARE pharmacy and medical cost data, we 

put actual TRICARE utilization data from the year after the formulary changes, February 

3, 2016 to February 2, 2017, into our model to determine the net empirical budget, as 

well as subdivided components of the budget- utilization, rebates, copays, and dispensing 

fees. The same TRICARE pharmacy and medical unit costs from the model in Chapter 2 

were used for this analysis. While unit costs were the same as in the model, the weighted 

average cost of a 30-day fill for a given drug could change if the utilization mix of NDCs 

for a given drug changed or if the quantity for a given day supply changed. We did not 

inflate costs due to the short one year time horizon. We calculated the difference as 

empirical budget minus predicted budget. Percentage differences were calculated as the 

difference divided by the absolute value of the empirical budget. We also calculated the 

mean and median percentage differences, and mean and median absolute percentage 

differences.  

 

Part 1b- February 3, 2016 to February 2, 2017: Y1 Budget Impact 

To calculate the budget impact in year 1, we predicted the budget in year 1 had no 

formulary change occurred using autoregressive integrated moving average models. We 

used the Box-Jenkins framework, which involves identifying, estimating, and 

forecasting.78 The final model was chosen based on: i) the lowest Akaike Information 
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Criterion (AIC) and Schwarz Bayesian Criterion (SBC) if models were of the same type 

(e.g., not comparing seasonal versus nonseasonal models or differenced versus 

nondifferenced models); ii) Mean Absolute Percentage Error (MAPE) and Root Mean 

Squared Error (RMSE) values if models were not of the same type (e.g., comparing 

seasonal versus nonseasonal models or differenced versus nondifferenced models); iii) 

visual checks to make sure there were no major deviations of the forecast from the data; 

and iv) p-values greater than 0.05 in the Ljung-Box white noise residual test.  

 

AIC and SBC are generally used to measure in-sample goodness of fit, whereas MAPE 

and RMSE are generally used for out-of-sample forecasting accuracy. During the model 

validation process, it is generally recommended to take approximately two-thirds of the 

data to use as a training set, and then one-third of the data to use as a validation set. 

However, in our study, the last part of the data had key changes due to other policies and 

therefore, we used all the data for our training set, and had no validation set.  

 

All analyses were conducted in SAS 9.3®. See the technical report for SAS code to for 

details on how we chose the final model. 

 

Part 2a- July 6, 2016 to July 5, 2017: Y1FC Budget 

The same methods were used here as the methods for Part 1a. 

 

Part 2b- July 6, 2016 to July 5, 2017: Y1 Budget Impact 
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The same methods were used here as the methods for Part 1b. Forecasts for July 2016 to 

June 2017 were taken from the same model from Part 1b. 

 

Results 
 

Part 1a- February 3, 2016 to February 2, 2017: Y1FC Budget 

Table 3.3 shows that the empirical budget was generally lower than the predicted budget 

for year 1 (mean of 31% lower and median of 21% lower). Overall, the empirical net 

budget was $79 million lower for antidiabetic drugs directly affected by the formulary 

changes and $5 million lower for drug side effect treatment than what was predicted. The 

$79 million difference was largely due to an overprediction of $99 million in utilization. 

The $5 million difference for drug side effect treatment was largely due to a $7 million 

overprediction in utilization.  

 

Among the cost categories, the largest percentage difference seen for antidiabetic drugs 

directly affected by the formulary changes was for dispensing fee (28% less), followed by 

copay offset (25% less) (Table 3.3). The largest percentage difference seen for drug side 

effect treatment was for rebates (63% less), followed by utilization (54% less) (Table 

3.3).  

 

The absolute scaled error for the net budget for antidiabetic drugs directly affected by the 

formulary changes was 2.60 (Table 3.3), which indicated that the model performed worse 

than an average one-step naive forecast computed in-sample (e.g., last year’s figures). 

One major reason for the poor forecasting accuracy was the model assumption that any 
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increases or decreases two years to one year before the formulary change would continue 

forward. When this assumption was removed (e.g., no trend was assumed), the absolute 

scaled error for the net budget for antidiabetic drugs directly affected by the formulary 

changes decreased to 0.48 (Table 3.4).  

 

Table 3.3. Forecast Accuracy of Y1FC Budget 

  
Y1FC Predicted  

(Feb 16-Jan 17) 

Y1FC 

Empirical 

(2/3/16-

2/2/17) 

Difference  

(Empirical – 

Predicted) 

Percentage 

Error 

Absolute 

Scaled 

Error 

AntiDM_dir          

   Utilization $815,391,798 $716,121,489 -$99,270,309 -14% 2.51 

   -Rebate -$102,226,967 -$86,815,930 $15,411,037 -18% 2.93 

   -Copay -$28,198,789 -$22,559,024 $5,639,765 -25% 1.25 

   +DispFee $2,496,055 $1,948,811 -$547,243 -28% 1.12 

   =Net Budget $687,462,097 $608,695,347 -$78,766,750 -13% 2.60 

SE          

   Utilization $19,562,776 $12,729,267 -$6,833,509 -54% 1.81 

   -Rebate -$3,970,627 -$2,440,100 $1,530,528 -63% 1.83 

   -Copay -$3,987,568 -$3,551,600 $435,968 -12% 0.91 

   +DispFee $713,334 $619,841 -$93,494 -15% 2.31 

   =Net Budget $12,317,916 $7,357,408 -$4,960,507 -67% 1.44 

Mean       -31% 1.87 

Median       -21% 1.82 

AntiDM_dir = antidiabetic drugs directly affected by formulary changes; DispFee = dispensing fee; FC = 

formulary change; SE = side effect; Y = Year number (e.g., Y3 = Year 3) 
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Table 3.4. Forecast Accuracy of Y1FC Budget when Assuming No Trend 

  
Y1FC Predicted  

(Feb 16-Jan 17) 

Y1FC 

Empirical 

(2/3/16-

2/2/17) 

Difference  

(Empirical – 

Predicted) 

Percentage 

Error 

Absolute 

Scaled 

Error 

AntiDM_dir          

   Utilization $742,100,535 $716,121,489 -$25,979,045 -4% 0.66 

   -Rebate -$93,619,827 -$86,815,930 $6,803,897 -8% 1.30 

   -Copay -$27,767,038 -$22,559,024 $5,208,014 -23% 1.15 

   +DispFee $2,443,241 $1,948,811 -$494,429 -25% 1.01 

   =Net Budget $623,156,911 $608,695,347 -$14,461,564 -2% 0.48 

SE          

   Utilization $16,495,704 $12,729,267 -$3,766,437 -30% 1.00 

   -Rebate -$3,276,836 -$2,440,100 $836,736 -34% 1.00 

   -Copay -$3,826,162 -$3,551,600 $274,562 -8% 0.57 

   +DispFee $659,956 $619,841 -$40,116 -6% 0.99 

   =Net Budget $10,052,662 $7,357,408 -$2,695,254 -37% 0.78 

Mean       -18% 0.89 

Median       -15% 0.99 

AntiDM_dir = antidiabetic drugs directly affected by formulary changes; DispFee = dispensing fee; FC = 

formulary change; SE = side effect; Y = Year number (e.g., Y3 = Year 3) 

 

Part 1b- February 3, 2016 to February 2, 2017: Y1 Budget Impact 

A log model with an autoregressive term of 3 was chosen as the final model based on 

having the lowest MAPE and RMSE values (see SAS code in Technical Report). This 

model predicted $657 million in spending from February 2016 to January 2017 had there 

been no formulary change (Table 3.5). This was compared to the actual $609 million in 

spending for antidiabetic drugs directly affected by the formulary changes that was seen 

from February 2016 to January 2017. This resulted in a budget impact of $49 million 

(95% confidence interval: $6 million to $91 million).  

 

  



132 

 

Table 3.5. Predicted Budget for Year 1 (Feb 2016 – Jan 2017) Without a Formulary 

Change, Actual Budget for Year 1 With a Formulary Change, and the Difference 

Y1NoFC AntiDM_dir Budget (ARIMA prediction- Log_A3 model) 

  Forecast 95% CI (lower) 95% CI (upper) 

 Feb-16 $51,800,715 $48,918,987 $54,682,442 

 Mar-16 $54,614,318 $51,732,590 $57,496,045 

 Apr-16 $55,252,781 $52,371,054 $58,134,509 

 May-16 $53,044,050 $49,519,714 $56,568,387 

 Jun-16 $55,059,471 $51,535,135 $58,583,808 

 Jul-16 $55,542,762 $52,018,425 $59,067,099 

 Aug-16 $54,020,758 $50,217,915 $57,823,600 

 Sep-16 $55,472,197 $51,669,355 $59,275,039 

 Oct-16 $55,844,267 $52,041,425 $59,647,109 

 Nov-16 $54,803,842 $50,870,243 $58,737,440 

 Dec-16 $55,856,320 $51,922,722 $59,789,918 

 Jan-17 $56,148,253 $52,214,655 $60,081,852 

 Total $657,459,734 $615,032,219 $699,887,249 

     
Y1FC AntiDM_dir Budget (Empirical)  

 Total $608,695,347    

     
Y1 Budget Impact  95% CI (lower) 95% CI (upper) 

 Total ($48,764,387) ($6,336,872) ($91,191,902) 

 
AntiDM_dir = antidiabetic drugs directly affected by formulary changes; ARIMA = autoregressive 

integrated moving average; CI = confidence interval; FC = formulary change; Log_A3 = logarithmic model 

with autoregressive term of 3; Y = Year number (e.g., Y3 = Year 3) 

 

 

 

As seen in Figure 3.2, the final model for if there were no formulary change consistently 

forecasted spending greater than actual spending after February 2016. 
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Figure 3.2. Predicted versus Actual Budget for Antidiabetic Drugs Directly Affected 

by the Formulary Changes From February 2014 to Jun 2017  

 

FC = formulary change; Log_A3 = logarithmic model with autoregressive term of 3 

 

Part 2a- July 6, 2016 to July 5, 2017: Y1FC Budget 

Table 3.6 shows that the empirical budget was generally lower than the predicted budget 

for year 1 (mean of 42 percent lower and median of 30 percent lower). Overall, the 

empirical net budget was $120 million lower for antidiabetic drugs directly affected by 

the formulary changes and $6 million lower for drug side effect treatment than what was 

predicted. The $120 million difference was largely due to an overprediction of $145 

million in utilization. The $6 million difference for drug side effect treatment was largely 

due to a $9 million overprediction in utilization. The overprediction in utilization will be 

further discussed in the next chapter on cost drivers. 
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Among the cost categories, the largest percentage difference seen for antidiabetic drugs 

directly affected by the formulary changes was for dispensing fee (41% less), followed by 

copay offset (38% less) (Table 3.6). The largest percentage difference seen for drug side 

effect treatment was for rebates (83% less), followed by utilization (72% less) (Table 

3.6).  

 

Table 3.6. Forecast Accuracy of Y1FC Budget Starting July 2016 

  

Y1FC 

Predicted  

(Jul 16-Jun 

17) 

Y1FC 

Empirical 

(7/6/16-

7/5/17) 

Difference  

(Empirical – 

Predicted) 

Percentage 

Error 

Absolute 

Scaled 

Error 

AntiDM_dir          

   Utilization $848,876,738 $703,552,892 -$145,323,846 -21% 2.78 

   -Rebate -$106,298,009 -$88,419,540 $17,878,469 -20% 4.90 

   -Copay -$28,401,935 -$20,522,993 $7,878,942 -38% 1.20 

   +DispFee $2,519,595 $1,791,315 -$728,280 -41% 1.12 

   =Net Budget $716,696,389 $596,401,674 -$120,294,715 -20% 2.82 

SE          

   Utilization $21,003,101 $12,186,883 -$8,816,218 -72% 2.04 

   -Rebate -$4,295,813 -$2,341,199 $1,954,614 -83% 2.09 

   -Copay -$4,054,082 -$3,426,027 $628,055 -18% 1.77 

   +DispFee $723,481 $601,742 -$121,739 -20% 2.08 

   =Net Budget $13,376,687 $7,021,399 -$6,355,287 -91% 1.68 

Mean       -42% 2.25 

Median       -30% 2.06 

AntiDM_dir = antidiabetic drugs directly affected by formulary changes; DispFee = dispensing fee; FC = 

formulary change; SE = side effect; Y = Year number (e.g., Y3 = Year 3) 

 

Part 2b- July 6, 2016 to July 5, 2017: Y1 Budget Impact 

The final model predicted $668 million in spending from July 2016 to June 2017 had 

there been no formulary change (Table 3.7). This was compared to the actual $596 

million in spending for antidiabetic drugs directly affected by the formulary changes that 
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was seen from July 2016 to June 2017. This resulted in a budget impact of $72 million 

(95% confidence interval: $25 million to $119 million).  

Table 3.7. Predicted Budget for Year 1 (Jul 2016 to Jun 2017) without a Formulary 

Change, Actual Budget for Year 1 with a Formulary Change, and the Difference 

 

Y1NoFC AntiDM_dir Budget (ARIMA prediction- Log_A3 model) 

  Forecast 95% CI (lower) 95% CI (upper) 

 Jul-16 $55,542,762 $52,018,425 $59,067,099 

 Aug-16 $54,020,758 $50,217,915 $57,823,600 

 Sep-16 $55,472,197 $51,669,355 $59,275,039 

 Oct-16 $55,844,267 $52,041,425 $59,647,109 

 Nov-16 $54,803,842 $50,870,243 $58,737,440 

 Dec-16 $55,856,320 $51,922,722 $59,789,918 

 Jan-17 $56,148,253 $52,214,655 $60,081,852 

 Feb-17 $55,445,114 $51,448,284 $59,441,945 

 Mar-17 $56,214,968 $52,218,137 $60,211,798 

 Apr-17 $56,448,801 $52,451,971 $60,445,631 

 May-17 $55,981,507 $51,953,700 $60,009,315 

 Jun-17 $56,550,794 $52,522,986 $60,578,601 

 Total $668,329,582 $621,549,818 $715,109,346 

     
Y1FC AntiDM_dir Budget (Empirical)  

 Total $596,401,674   

     
Y1 Budget Impact  95% CI (lower) 95% CI (upper) 

 Total ($71,927,907) ($25,148,144) ($118,707,671) 

AntiDM_dir = antidiabetic drugs directly affected by formulary changes; ARIMA = autoregressive 

integrated moving average; CI = confidence interval; FC = formulary change; Log_A3 = logarithmic model 

with autoregressive term of 3; Y = Year number (e.g., Y3 = Year 3) 
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Conclusions 

 

This chapter reviews the validation process for budget impact models. A face validity 

questionnaire, an internal verification template, and a review of forecasting accuracy 

measures for predictive validity were presented. In addition to these areas, between-

model validation can be helpful to validate budget impact models if another model exists 

and one has access. Furthermore, an exploration and comparison of cost drivers between 

the forecasted and empirical analysis using actual data will be discussed in the next 

chapter and can also aid both the validation and recalibration process. 
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Chapter 4 
 

A variety of methods have been used to determine cost drivers. For budget impact models 

and cost-effectiveness models, common methods include identifying which parameters 

and scenarios lead to the greatest cost when varied through one-way deterministic or 

scenario sensitivity analyses.79-86 One budget impact model also identified the principal 

cost driver by comparing impact on cost components, such as decreases in drug 

acquisition costs but increases in adverse event costs.87 Decomposing total costs into cost 

components is also used to identify cost drivers in retrospective claims analyses.88,89 

Furthermore, ISPOR BIA guidelines encourage that the analytic framework of the budget 

impact model allow the budget holder to see financial consequences of relevant 

subgroups.31 Other cost driver methods for retrospective claims analyses include 

comparison of variation across parameters of interest, such as geographical area,90-94 and 

regression.95-98  

 

Below, sensitivity analyses and decomposition into cost components are used to identify 

cost drivers for the model. For the empirical analysis, decomposition into cost 

components is used to identify cost drivers. 

 

Objectives 
 

The three objectives of chapter 4 are: 

1. Based on the model, predict cost drivers of the budget impact of the antidiabetic 

formulary changes for year 1 
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2. Based on the empirical analysis, determine cost drivers of the budget impact of 

the antidiabetic formulary changes for year 1 

3. Compare year 1 cost drivers based on the model versus those based on the 

empirical analysis 
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Methods 
 

Methods for Objective 1: Cost Drivers from Model 

 

For Objective 1, model cost drivers were identified by determining parameters or 

categories associated with the highest and/or lowest identified budget or budget impact 

based on: 

1. Sensitivity analyses examining parameter and structural uncertainty (potential 

cost drivers) 

2. Subgroup analyses around pharmacy points of service (expected cost drivers) 

The cost drivers identified from sensitivity analyses were called “potential cost drivers” 

because when compared to the empirical analysis in Objective 2, these parameters will 

only be considered cost drivers if they take on certain values (e.g., usually extreme 

values). On the other hand, the cost drivers identified from subgroup analyses were called 

“expected cost drivers” because these categories or subpopulations were expected to be 

cost drivers in the base case scenario.  

 

Part 1: Sensitivity Analyses (Potential Cost Drivers) 

 

Parameter sensitivity analyses for year 1 were conducted to explore the following five 

parameters or scenarios: switch rates, rebates, dispensing fees, NADAC as the drug 

pricing benchmark, and a delay in implementation of 5 months. One structural 

assumption assumed that there was an underlying trend of changes in utilization from one 

year to the next. This trend was estimated by determining the difference from two years 

before to one year before the formulary change and adding this difference to the year 
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before the formulary change to predict the utilization in the year after the formulary 

change, had the formulary change not occurred. The absence of this trend was tested, 

which means that utilization in the year before the formulary changes would be the same 

as the utilization in the year after the formulary changes, had the formulary changes not 

occurred. These sensitivity analyses were previously described in Chapter 2. 

 

Part 2: Subgroup Analyses (Expected Cost Drivers) 

 

Subgroup analyses included estimating budget impact and stratifying by the four 

pharmacy points of service: 

1) Retail non-network 

2) Retail network 

3) Military Treatment Facility (MTF) 

4) Mail 

 

 

Methods for Objective 2: Cost Drivers from Empirical Analysis 

 

Cost drivers of the empirical analysis cost drivers were determined during the one year 

after the formulary change, February 3, 2016 to February 2, 2017.  

 

Cost drivers of both the budget and budget impact for spending on antidiabetic drugs 

directly affected by the formulary changes were identified. These were identified by 

decomposing the costs by:  

1) Cost component: Utilization, rebates, copays, and dispensing fees.  
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2) Pharmacy point of service. 

 

Cost drivers for the budget and budget impact for medical spending were also identified. 

These were identified by stratifyingthe budget and budget impact into spending on 

inpatient, emergency room, outpatient services, and medical visit copays. 

 

The actual budget impact for each cost category (cost component and pharmacy point of 

service) was determined by taking the difference between the actual budget and a budget 

for the counterfactual (the budget had the formulary change not occurred). The 

counterfactual budget was predicted using autoregressive integrated moving average 

models. This is the same method as described in chapter 3. 

 

Methods for Objective 3: Comparing Model versus Empirical Analysis Cost Drivers 

 

Cost drivers predicted from the model versus seen in the empirical analysis were 

compared descriptively.  

 

Key assumptions that were predicted to be potential cost drivers in the model, such as 

related to switch rates, were compared to observed switch rates. Actual switch rates were 

then inputted in the model and updated budget predictions were plotted on the tornado 

diagrams for one-way sensitivity analyses to display if potential cost drivers were actual 

cost drivers. 

 

Utilization cost in both the model and empirical analysis was calculated as  
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𝑈𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑠𝑡 = ∑ 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦𝑖𝑗𝑘 ∗ 𝑝𝑟𝑖𝑐𝑒𝑖𝑗𝑘

𝑎𝑙𝑙 𝑖𝑗𝑘

 

Where  

i = whether member had other health insurance or not 

j= pharmacy point of service 

k= drug 

 

To explore what was driving utilization cost, we decomposed the utilization cost into 

indices of quantity and price. Since quantity units were not comparable across all drugs, 

we converted quantity units into 30-day fills per member based on the days supply. Mean 

30-day fills per member across all antidiabetic drugs directly affected by the formulary 

changes as well as for specific antidiabetic drug classes were calculated as the quantity 

indices.  

 

For the price indices, WAC was the measure of the drug price for the retail network 

pharmacy point of service when the drug was not on the formulary and for all drugs at the 

retail non-network pharmacy point of service. The FSS price was the measure of the drug 

price for the retail network pharmacy point of service when the drug was on the 

formulary, as well as for all drugs at the MTF and mail order pharmacy points of service. 

Both WAC and FSS prices did not account for rebates. The price index was the weighted 

average WAC or FSS per 30-day fill, where the average was weighted by utilization of 

each drug at each point of service by whether a patient had other health insurance or not. 

This is because the WAC and FSS price changes by drug, point of service, and whether a 

patient has other health insurance or not. Price indices were calculated across all 
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antidiabetic drugs directly affected by the formulary changes as well as for specific 

antidiabetic drug classes. 

 

These quantity and price indices were calculated and compared based on what was 

predicted in the year after the formulary changes, what was observed in the year after the 

formulary changes, and what was observed in the year before the formulary changes. 
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Results 
 

Antidiabetic Drugs Directly Affected by Formulary Changes: Cost 

Drivers of Budget and Impact on Budget 

 

Sensitivity Analyses Around Assumptions 

 

What we predicted from the model 

Of the parameters and scenarios varied in sensitivity analyses, a best case scenario 

where all switch rates (GLP1RA nonpreferred to preferred drugs, SGLT2I 

nonpreferred to preferred drugs, and SGLT2I step therapy) were 100%, a 100% 

switch rate from non-preferred to preferred GLP1RA drugs, and a 100% switch 

rate from non-preferred to preferred SGLT2I drugs were the top three potential 

cost drivers that resulted in the highest predicted budget impact ($47 million, $38 

million, and $28 million savings in year 1, respectively; Figure 4.1). Extreme 0% 

and 100% switch rate values were used to show the worst and best case scenarios. 

This is all compared to the base case scenario budget impact prediction of $24 

million in savings for pharmacy spending on the antidiabetic drugs directly 

affected by formulary changes.  

 

The top three potential cost drivers that resulted in the lowest predicted budget 

impact for antidiabetic drugs were a worst case scenario where all three switch 

rates were 0%, a 0% switch rate from non-preferred to preferred GLP1RA drugs 

alone, and a 5-month implementation delay ($20 million in costs, $2 million in 

costs, and $6 million in savings, respectively; Figure 4.1).  
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Figure 4.1. Potential Cost Drivers of Year 1 Impact on Budget for 

Antidiabetic Drugs Directly Affected by Formulary Changes after Varying 

Parameter and Structural Assumptions 

 

GLP1RA = glucagon-like peptide-1 receptor agonist; imp = implementation; NADAC = National 

average drug acquisition cost; SGLT2I = sodium-glucose co-transporter 2 inhibitor; Circles 

predict budget impact when actual switch rates were inputted in the model (all = $8 million, 35% 

for GLP1RA = $12 million, 52% for SGLT2I preferred = $19 million, and 10% for SGLT2I step = 

$25 million; base case predicts $24 million) 

 

What we determined from the empirical analysis 

In the year after the formulary changes, actual nonpreferred-to-preferred switch 

rates were found to be lower than assumed in the base case scenario, and 

relatively close to what was assumed in the scenario with the five-month 

implementation delay scenario. The weighted average switch rates from 

nonpreferred to preferred agents were 35% (versus 65% in the base case and 38% 

in the five-month implementation delay scenario) for the GLP1RA drug class and 

52% (versus 80% in the base case and 47% in the five-month implementation 

delay scenario) for the SGLT2I drug class. This is in part due to delays in the 

implementation of the formulary changes. 
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 Meanwhile, the SGLT2I step therapy switch rate was higher than what was 

assumed in the base case scenario. Specifically, 10% (instead of 6% in the base 

case scenario and 3.5% in the scenario with a five-month implementation delay) 

of expected SGLT2I market share was instead switched to one of the other six 

classes involved in the step therapy.  

 

When assumed switch rates were substituted with actual switch rates in the 

model, the predicted budget impact was much lower than in the base case scenario 

($8 million in savings versus $24 million in savings, respectively; Figure 4.1). 

When this was repeated but for the GLP1RA drug class only, the predicted budget 

impact was also much lower than in the base case scenario ($12 million in savings 

versus $24 million in savings, respectively; Figure 4.1). When this was repeated 

for the SGLT2I preferred switch rates only, the predicted budget impact was a 

little lower than in the base case scenario ($19 million in savings versus $24 

million in savings, respectively; Figure 4.1).  This indicated that the lower-than-

expected switch rates for nonpreferred to preferred SGLT2I and especially 

GLP1RA products were actual cost drivers of the lower-than-expected budget 

impact. It is likely that switch rates were lower than expected due to 

implementation challenges and delays.  

 

The actual cost drivers agreed with those predicted from the model as potential 

cost drivers of a lower budget impact. Although actual switch rates from 

nonpreferred to preferred agents were lower than in the base case scenario, they 
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were not as low as the extreme 0% switch rate assumed in one-way sensitivity 

analyses. Therefore, the actual cost drivers did not lead to as low a budget impact 

as predicted in the worst case scenario by potential cost drivers. For example, the 

$8 million in savings predicted from actual switch rates was much higher than the 

$20 million in costs if all three switch rates were 0% (Figure 4.1). 

 

Quantity and Price Indices 

 

The model predicted smaller savings on the budget for antidiabetic drugs directly 

affected by the formulary changes than the empirical analysis ($24 million in 

savings versus $49 million in savings Figures 4.2 and 4.3). In both the model and 

empirical analysis, the savings were driven by savings from utilization costs of 

these drugs, as opposed to rebates, copays, and dispensing fees (Figures 4.2 and 

4.3).  

 

Figure 4.2. Expected Cost Drivers of Year 1 Budget For Antidiabetic Drugs 

Directly Affected by Formulary Changes 

 

Diff = difference; Y = Year number (e.g., Y1 = Year 1) 
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Figure 4.3. Actual Cost Drivers of Year 1 Budget For Antidiabetic Drugs 

Directly Affected by Formulary Changes 

 

 

 
Diff = difference; Y = Year number (e.g., Y1 = Year 1) 

 

 

Cost savings were driven by a decrease in utilization. Table 4.1 shows that the 

mean number of 30-day fills in the year after the formulary changes was slightly 

lower than what was predicted as well as the year before (13 versus 15 versus 14 

30-day fills, respectively). Specifically, the mean number of 30-day fills was 

slightly lower for the biguanides, DPP4Is, GLNs, and SUs in the year after the 

formulary changes versus what was predicted as well as what was observed the 

year before (Table 4.1). The mean number of 30-day fills observed in the year 

after the formulary changes was lower for all drug classes compared to what was 

predicted (Table 4.1). 
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Table 4.1. Mean Number of 30-day Fills Per Member Predicted in Year 1 

versus Observed in Year 1 versus Observed in Last Year 

  

PREDICTED 

(Fe16-Ja17) 

OBSERVED  

(Fe16-Ja17) 

LAST  

(Fe15-Ja16) 

Total 15 13 14 

By Drug Class       

Alpha-Glucosidase Inhibitor 0.04 0.03 0.03 

Biguanide 7.08 6.05 6.50 

Dipeptidyl Peptidase-4 Inhibitor 2.90 2.57 2.59 

Glucagon-Like Peptide 1 

Receptor Agonist 0.80 0.69 0.66 

Meglitinide 0.11 0.09 0.10 

Sodium-Glucose Co-transporter 2 

Inhibitor 0.53 0.43 0.37 

Sulfonylurea 3.11 2.70 2.94 

Thiazolidinedione 0.62 0.62 0.66 
Fe=February; Ja=January 

 

Meanwhile, drug prices per 30-day fill led to cost savings when compared to 

those from the year before the formulary change, but did not lead to cost savings 

when compared to predicted drug prices. Specifically, the weighted average WAC 

per 30-day fill observed in the year after the formulary change was $482.41, 

compared to the $586.98 observed in the last year and the $379.77 predicted 

(Table 4.2). For each drug class, weighted average WACs observed in the year 

after the formulary change were higher compared to the predicted values. 

However, they were slightly lower compared to the weighted average WAC 

observed the year before the formulary changes for biguanides, DPP4Is, GLNs, 

SUs, and TZDs (Table 4.2). 
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Table 4.2. Weighted Average Wholesale Acquisition Cost Per 30-day Fill 

Predicted in Year 1 versus Observed in Year 1 versus Observed in Last Year 

  
PREDICTED 

(Fe16-Ja17) 

OBSERVED  

(Fe16-Ja17) 

LAST  

(Fe15-Ja16) 

Total $379.77 $482.41 $586.98 

By Drug Class       

Alpha-Glucosidase Inhibitor $73.38 $108.98 $93.11 

Biguanide $876.42 $1,073.45 $1,476.49 

Dipeptidyl Peptidase-4 Inhibitor $315.03 $375.96 $377.59 

Glucagon-Like Peptide 1 

Receptor Agonist $542.31 $691.12 $660.39 

Meglitinide $155.77 $184.58 $217.21 

Sodium-Glucose Co-transporter 

2 Inhibitor $335.87 $433.24 $426.51 

Sulfonylurea $31.13 $40.08 $40.09 

Thiazolidinedione $170.72 $253.01 $254.93 
Fe=February; Ja=January 

 

It should be noted that the weighted average WAC per 30-day fill was calculated 

only for drugs filled at retail non-network pharmacies and nonformulary drugs 

filled at retail network pharmacies. In these cases, the price was not capped at the 

FSS price. Thus, the extremely expensive weighted average WAC per 30-day fill 

for biguanides, ranging from $876.42 to $1,476.49 (Table 4.2), was based on 

these select nonformulary and non-network retail pharmacy fills and was highly 

skewed towards very expensive nonformulary NDCs.  

 

Table 4.3 shows the cost for the majority of fills (i.e., fills at military treatment 

facilities and mail order pharmacies, as well as fills for drugs on the formulary at 

retail network pharmacies). For these fills, costs were required to be no more than 

FSS pricing. 
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 Across all drug classes, weighted average FSS drug prices did not contribute to 

cost savings. In the year after the formulary change, observed weighted average 

FSS prices per 30-day fill were higher than what was predicted ($88.14 versus 

$82.73; Table 4.3). These observed weighted average FSS prices per 30-day fill 

were also higher than what was observed the year before the formulary change 

($88.14 versus $87.04; Table 4.3). The observed weighted average FSS prices per 

30-day fill were higher than what was predicted but lower than what was 

observed the year before the formulary changes for DPP4Is, GLP1RAs, SGLT2Is, 

and SUs (Table 4.3). For the AGIs, GLNs, and TZDs, the observed weighted 

average FSS per 30-day fill was lower than the predicted values and the observed 

values in the year before the formulary changes (Table 4.3). For the biguanides, 

the observed FSS per 30-day fill was higher than both the predicted values and the 

observed values in the year before the formulary changes (Table 4.3). 

 

Table 4.3. Weighted Average Federal Supply Schedule Cost Per 30-day Fill 

Predicted in Year 1 versus Observed in Year 1 versus Observed in Last Year 

  
PREDICTED 

(Fe16-Ja17) 

OBSERVED  

(Fe16-Ja17) 

LAST  

(Fe15-Ja16) 

Total $82.73 $88.14 $87.04 

By Drug Class       

Alpha-Glucosidase 

Inhibitor $47.76 $37.94 $42.84 

Biguanide $26.15 $30.74 $30.62 

Dipeptidyl Peptidase-4 

Inhibitor $218.78 $222.05 $223.74 

Glucagon-Like Peptide 1 

Receptor Agonist $328.13 $332.12 $359.30 

Meglitinide $102.30 $70.93 $119.15 

Sodium-Glucose Co-

transporter 2 Inhibitor $213.89 $225.27 $227.94 

Sulfonylurea $4.37 $4.83 $5.74 

Thiazolidinedione $53.01 $38.51 $68.89 
Fe=February; Ja=January 
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Table 4.4 shows that the observed annual spending, before accounting for rebates, 

copays, dispensing fees, points of service, and other health insurance, on drug 

classes was lower than what was predicted for all drug classes, except for 

biguanides. The three drug classes that contributed to the most in savings were 

dipeptidyl peptidase-4 inhibitors, glucagon-like peptide 1 receptor agonists, and 

sodium-glucose cotransporter 2 inhibitors ($40 million in savings, $21 million in 

savings, and $10 million in savings, respectively). 

 

Table 4.4. Annual Spending by Drug Class Predicted in Year 1 versus 

Observed in Year 1* 

  
PREDICTED 

(Fe16-Ja17) 

OBSERVED  

(Fe16-Ja17) 

DIFFERENCE 

(Observed – 

Predicted) 

Total $774,138,115.65  $714,793,453.14  -$59,344,662.51 

By Drug Class    
Alpha-Glucosidase 

Inhibitor $1,191,759.10  $710,039.89  -$481,719.21 

Biguanide $115,496,578.43  $116,017,473.98  $520,895.54 

Dipeptidyl Peptidase-4 

Inhibitor $395,794,526.07  $355,998,418.35  -$39,796,107.72 

Glucagon-Like Peptide 1 

Receptor Agonist $163,757,082.81  $142,957,942.04  -$20,799,140.77 

Meglitinide $7,019,925.23  $3,982,324.42  -$3,037,600.81 

Sodium-Glucose Co-

transporter 2 Inhibitor $70,718,089.23  $60,427,688.56  -$10,290,400.66 

Sulfonylurea $8,478,245.61  $8,135,327.91  -$342,917.70 

Thiazolidinedione $20,502,822.95  $14,894,618.22  -$5,608,204.73 
Fe=February; Ja=January 

Estimated before accounting for rebates, copays, dispensing fees, points of service, and other 

health insurance. Annual spending was estimated by multiplying the mean number of 30-day fills 

per member by weighted average federal supply schedule cost per 30-day fill by population size  



153 

 

By Pharmacy Point of Service 

 

The model predicted that the budget impact at year 1 would be greatest for the 

retail network pharmacy point of service ($12 million in savings; Figure 4.4), 

followed by mail order pharmacy ($8 million in savings), MTF ($4 million in 

savings), and retail non-network pharmacy ($37,090 in savings). This was 

different from the empirical analysis, which found greater savings and that the 

budget impact at year 1 was greatest for the mail order pharmacy point of service 

($26 million in savings; Figure 4.5), followed by retail network pharmacy ($22 

million in savings), MTF ($6 million in savings), and retail non-network 

pharmacy ($425,473 in savings). 

 

Next, although the model predicted that the retail network pharmacy point of 

service was an expected cost driver of budget impact, it did not have the highest 

predicted budget in year 1 ($85 million at retail network versus $212 million at 

MTF and $387 million at mail, Figure 4.6).  

 

A comparison of Figures 4.6 and 4.7 shows that actual spending at each point of 

service was lower than predicted (mail: $335 million versus $387 million, MTF: 

$203 million versus $212 million, retail network: $69 million versus $85 million, 

and retail non-network: $3 million versus $4 million). However, the observed 

ranking order for pharmacy points of service from highest to lowest spending was 

the same as what was predicted. 
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Appendix B shows that the MTF pharmacy user population tended to be younger 

than users of other points of service. The mail order pharmacy user population 

tended to be older. The majority of dependents and ADSM were MTF pharmacy 

users.   

Figure 4.4. Expected Cost Drivers of Year 1 Impact on Budget for 

Antidiabetic Drugs Directly Affected by Formulary Changes Based on 

Pharmacy Point of Service 

 

Diff = difference; Mail = mail order; MTF = military treatment facility; R = retail network; Rnon 

= retail non-network 

 

Figure 4.5. Actual Cost Drivers of Year 1 Impact on Budget for Antidiabetic 

Drugs Directly Affected by Formulary Changes Based on Pharmacy Point of 

Service 

 
Diff = difference; Mail = mail order; MTF = military treatment facility; R = retail network; Rnon 

= retail non-network 
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Figure 4.6. Expected Cost Drivers of Year 1 Budget for Antidiabetic Drugs 

Directly Affected by Formulary Changes Based on Pharmacy Point of 

Service 

 

FC = Formulary Change; Mail = mail order; MTF = military treatment facility; R = retail network; 

Rnon = retail non-network 
 

Figure 4.7. Actual Cost Drivers of Year 1 Impact on Budget for Antidiabetic 

Drugs Directly Affected by Formulary Changes Based on Pharmacy Point of 

Service 

 

 
FC = Formulary Change; Mail = mail order; MTF = military treatment facility; R = retail network; 

Rnon = retail non-network 
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Medical: Cost Drivers of Budget and Impact on Budget 
 

The expected annual budget was larger for medical expenses than for pharmacy 

expenses for antidiabetic drugs or side effect treatment ($3.6 billion versus $687 

million or $12 million, respectively; Figure 4.8). Compared to this, the actual 

annual budget was also larger for medical expenses than for pharmacy expenses; 

however, all spending was lower ($3.2 billion, $609 million, and $7 million 

compared to $3.6 billion, $687 million, and $12 million; Figure 4.9). 

 

Medical spending was both predicted and seen to be driven by spending on 

outpatient services as opposed to emergency room or inpatient services (Figures 

4.10 and 4.11). However, spending on outpatient services from the empirical 

analysis was lower than that predicted from the model ($3.1 billion versus $3.6 

billion; Figures 4.10 and 4.11). 

 

There were differences in the expected and actual impact on the medical budget 

from the formulary changes. The expected impact was much smaller than the 

actual impact ($430,000 in savings expected versus $208 million in savings 

observed; Figures 4.12 and 4.13). Additionally, the model predicted inpatient 

utilization to drive savings (75% of medical savings; Figure 4.12), whereas the 

empirical analysis found that outpatient utilization drove savings (85% of medical 

savings; Figure 4.13). 
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Figure 4.8. Expected Cost Drivers of Budget Based on Medical versus 

Pharmacy Cost Category 

 

AntiDM_dir = antidiabetic drugs directly affected by the formulary changes; FC = formulary 

change; SE = side effect; Tx = treatment; Y = Year number (e.g., Y1 = Year 1) 

 

 

 

 

 

 

Figure 4.9. Actual Cost Drivers of Budget Based on Medical versus 

Pharmacy Cost Category 

 

 
AntiDM_dir = antidiabetic drugs directly affected by the formulary changes; SE = side effect; Tx 

= treatment; Y = Year number (e.g., Y1 = Year 1) 
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Figure 4.10. Expected Cost Drivers of Year 1 Medical Budget 

 

 

ER = emergency room; FC = formulary change; Inpt = inpatient; Outpt = outpatient; Util = 

utilization; Y = Year number (e.g., Y1 = Year 1) 

 

 

 

Figure 4.11. Actual Cost Drivers of Year 1 Medical Budget  

 

 
ER = emergency room; Inpt = inpatient; Outpt = outpatient; Util = utilization; Y = Year number 

(e.g., Y1 = Year 1) 
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Figure 4.12. Expected Cost Drivers of Year 1 Impact on Medical Budget 

 

Diff = difference; ER = emergency room; Inpt = inpatient; Outpt = outpatient; Util = utilization; Y 

= Year number (e.g., Y1 = Year 1) 

 

 

 

Figure 4.13. Actual Cost Drivers of Year 1 Impact on Medical Budget  

 

 
Diff = difference; ER = emergency room; Inpt = inpatient; Outpt = outpatient; Util = utilization; Y 

= Year number (e.g., Y1 = Year 1) 
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Conclusion 
 

Observed overall spending for pharmacy and medical services was lower than 

what was predicted. The actual savings for antidiabetic drugs directly affected by 

formulary changes were approximately double the predicted savings. These 

savings were driven by lower utilization of drugs compared to what was 

predicted, as well as compared to what was observed in the year before the 

formulary change. For the most part, drug prices before rebates were not a driver 

of savings. Observed switch rates for nonpreferred to preferred GLP1RA and 

SGLT2I drugs were also lower than predicted, leading to lower savings than if 

switch rates were higher.  

 

While the retail network pharmacy point of service was predicted to have the 

greatest savings out of all points of service, the greatest savings were observed in 

the mail order pharmacy point of service. While medical savings were predicted 

to be driven by inpatient costs, we observed the greatest medical savings in 

outpatient costs. 
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Chapter 5 
 

Discussion 
 

When cost-effectiveness models were first growing in popularity, there was 

question of whether these models were valid and had utility for decision making. 

Budget impact models are now undergoing a similar evolution. While there has 

been a significant increase in both the demand and supply of budget impact 

models, there has been less assurance that these budget impact models are valid 

and accurate.  

 

Budget impact models have been criticized for not predicting accurately and not 

testing projections once data are available. Thus, there is a growing desire to 

validate budget impact models and improve the accuracy of budget impact model 

projections. Concurrently, health plans have been increasingly interested in 

conducting their own budget impact models. When health plans conduct their own 

budget impact models, they are able to validate their models by comparing their 

predictions with empirical results (i.e., what they actually pay). The lessons 

learned from the validation process can be used to improve the model for future 

use. 

 

While there is growing interest in the validation of budget impact models, we 

were unable to find many peer-reviewed articles that evaluated the predictive 

validity of a budget impact model. The few articles that we did find evaluated 
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face validity and internal validity. Two budget impact model articles that 

mentioned validation used discrete event simulation and were focused on 

demonstrating that the simulation process was valid.40,40,99 In the first model 

assessing the budget impact of thrombolysis for stroke, the authors compared 

various outputs, such as life expectancy and stroke prevalence, from the 

simulation to those from a Markov model as well as values from the literature.40 

In the second model assessing the impact of switching to digital mammography 

screening, the authors compared model results to published and unpublished 

data.99 The primary objective of these two articles was to calculate budget impact; 

validation was mentioned as a small part of the article. 

 

One poster presented at ISPOR’s 20th Annual International Meeting in 2015 by 

Mehta and colleagues had a primary objective of validating a budget impact 

model for the use of denosumab in postmenopausal women with osteoporosis.100 

This study evaluated the validity of the budget impact model by assessing face 

validity, internal validity, and cross validity tests. For face validity, the authors 

compared the underlying Markov model with prior published cost-effectiveness 

studies and an osteoporosis reference model. Since the Markov model aligned 

with these models, authors concluded that the model had face validity. Internal 

validity was examined by using extreme value input parameters and two-way 

sensitivity analyses varying market share, drug price, and direct medical costs of 

fractures. Since the model behaved as expected to sensitivity analyses, authors 

concluded the model had internal validity. The authors concluded the model had 
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cross validity since the input parameter values fell within ranges published in 

literature. 

 

Validation of Our Budget Impact Model Results 
 

Our study evaluated validation through not only face validity and internal validity, 

but also predictive validity, which is the strongest form of validity.61,69,69 

Comparing key assumptions as well as predicted budgets to what was realized as 

seen through health plan data is discussed below. 

 

In this study, empirical switch rates were lower than assumed in the first year due 

to delays in implementation of the formulary change (35% versus 65% for 

GLP1RAs and 52% versus 80% for SGLT2Is; Chapter 4). These switch rates 

were close to the assumed switch rates in the scenario of a five-month 

implementation delay (38% for GLP1RAs and 47% for SGLT2Is; Chapter 4), 

which gives us confidence in the original switch rates. These switch rates were a 

major contributor to the impact of the antidiabetic formulary changes of interest. 

 

Compared to the empirical budget, our model overpredicted the budget in the year 

after the formulary change by approximately 13% ($686 million versus $609 

million; Chapter 3- Table 3.3). This was due to an overprediction of utilization, as 

opposed to an overprediction of drug prices. Specifically, the mean number of 30-

day fills was predicted to be 15 compared to 13 observed fills (Chapter 4- Table 

4.1). On the contrary, the mean wholesale acquisition cost per 30-day fill was 
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predicted to be $482.41 versus $379.77 (observed) (Chapter 4- Table 4.2). 

Likewise, the mean federal supply schedule cost per 30-day fill was predicted to 

be $88.14 versus $82.73 found empirically (Chapter 4- Table 4.3). Of note, 

federal supply schedule costs were used to estimate drug costs for the majority of 

drugs. Wholesale acquisition costs were only used in specific cases, such as when 

drugs were sold at retail non-network pharmacies or when nonformulary drugs 

were sold at retail network pharmacies. After combining use with costs, spending 

on the following drug classes led to the most savings: dipeptidyl peptidase-4 

inhibitors, glucagon-like peptide-1 receptor agonists, and sodium-glucose 

cotransporter 2 inhibitors. 

 

In the year after the formulary changes, the predicted counterfactual budget (i.e., 

the budget had the formulary changes not occurred) from the model was also 

higher than what was estimated for the counterfactual based on an autoregressive 

model that was fit to past monthly budget values. The model overpredicted the 

annual budget by 8% compared to the autoregressive model ($711 million from 

the model, Chapter 2- Figure 2.3; versus $657 million; Chapter 3- Table 3.3).  

 

The model overpredicted the budget in the future because of the assumption that 

the same annual change in utilization from two years before the formulary change 

to one year before the formulary change would continue forward into future 

yearly predictions. However, Chapter 3- Figure 3.3 shows that the rate at which 

the monthly budget was increasing in 2014 was greater than that of 2015; thus, 
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the assumption that the change in utilization from 2014 to 2015 would be 

expected from 2015 to 2016 led to an overprediction in the annual budget. Had 

we assumed no natural changes in utilization, the predicted budgets would have 

been closer to actual budgets, demonstrated by the lower absolute scaled error 

(Chapter 3- Table 3.4). Thus, one option for future models is to assume constant 

utilization from the year before the intervention of interest. 

 

While the model overpredicted future budgets, it underpredicted the impact of the 

formulary changes on the budget by approximately $25 million in savings ($24 

million in savings versus $49 million in savings; Chapter 2- Figure 2.3 and 

Chapter 3- Table 3.5) for an annual budget of $609 million for antidabetic drugs 

directly impacted by the formulary changes. This again was largely due to the 

lower utilization compared to what was predicted in the model. 

 

The model predicted that the majority of savings would be seen at the retail 

network pharmacy point of service, whereas the empirical analysis showed the 

greatest savings at the mail order pharmacy point of service (Chapter 4- Figure 

4.4 and Figure 4.5). Specifically, the model predicted $12 million and $8 million 

in savings at the retail network pharmacy and mail order pharmacy points of 

service. Meanwhile, the empirical analysis showed that the retail network 

pharmacy and mail order pharmacy points of service had $22 and $26 million in 

savings, respectively. 
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It is important to check how well a budget impact model predicts budgets (i.e., 

predictive validity) by tracking forecasting accuracy measures such as mean 

absolute percentage error (MAPE) and mean absolute scaled error (MASE).77,101 

However, since we do not know the forecastability of future demand, it is not 

recommended to set percentage error benchmarks, such as MAPE less than 20%, 

to determine whether a model has “good” forecasting accuracy.101 Instead, a 

reasonable forecasting goal would be for a model to perform no worse than a 

naïve forecast (i.e., using last year’s figures to model the future).101 If the model 

performs worse than a naïve forecast (e.g., MASE is greater than 1), then the 

model of interest is likely not adding more value compared to the simpler, naïve 

forecast. In our example, our model performed better than a naïve forecast only 

after we removed the assumption to apply the change in utilization from two years 

to one year before the formulary change to future budget projections. 

 

Over time, tracking trends in forecast accuracy will provide a sense of how well 

our models are performing. Since unforseen circumstances may occur in the 

future, we should not criticize models for lower than expected predictive 

validity.47,102 Instead, we should recalibrate the model to adapt to new evidence.47 

Future research could also explore whether scenario planning methods, which 

help anticipate conditions of low predictability, would be beneficial in identifying 

sensitivity analysis scenarios for budget impact models.103  
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Strengths and Limitations 
 

One major strength of this study is the ability to evaluate the predictive validity of 

the budget impact model (i.e., use the model to make projections, wait one year 

for prospective TRICARE utilization data, and then compare our projections with 

what was realized). Another strength of this study was using actual TRICARE 

utilization data as model inputs. Using actual health plan data increases the 

accuracy of model projections, compared to the common procedure of using third 

party claims data as an estimate for health plan data. A third strength of this study 

was the collaboration with TRICARE, which allowed us to identify what 

questions and cost driver subgroups were of most interest to the end user.  

 

A major limitation of this study was the lack of actual TRICARE cost information 

because prices are proprietary. To overcome this barrier, we used publicly 

available price benchmarks, including Federal Supply Schedule, Wholesale 

Acquisition Cost, and National Average Drug Acquisition Cost, to estimate drug 

costs and publicly available TRICARE allowable charges to estimate medical 

visit costs. For drug rebates, we used broad estimates from a study conducted by 

the Congressional Budget Office. We have also built this model in a way that 

allows TRICARE to input their actual costs. If the recently growing interest in 

price transparency104,105,105,106,106,107,107 were to eventually lead to public access to 

actual prices, future research should update this model with true costs and be 
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published. Future research could also incorporate actual drug pricing over time, 

and assess how model projections change. 

 

Another major limitation of this study was the lack of a TRICARE population to 

which the formulary changes of interest did not apply and which could therefore 

serve as a control group. Possible non-TRICARE control groups were considered; 

however, the baseline utilization time period included other policy changes that 

were TRICARE-specific. Thus, non-TRICARE control groups were not 

appropriate. These policy changes required the movement of prescriptions to be 

filled at mail order or military treatment facility pharmacies for specific branded 

maintenance medications. Specifically, these policy changes were implemented 

for those 65 years of age and older in March 2014 and for those younger than 65 

years of age in October 2015. Ideally, a natural experiment in which members are 

randomly selected to be part of a control group would allow for increased internal 

validity on the impact of the policy. However, this may not be ethically or 

feasibly possible. 

 

In the model, a limitation was using a pre-post design on TRICARE claims to 

determine estimated changes in utilization of side effect drug treatments and 

medical visits after new use of antidiabetic drug classes. To be more precise with 

these estimates, one could use a difference-in-difference design with a control 

group108; however, we did not have sufficient data to create a control group 

through matching or weighting. Instead, we wanted a simple and crude estimate 
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that TRICARE could easily determine and input. To improve the model, future 

research could more accurately determine the effect of the new use of an 

antidiabetic drug on side effect treatment and medical visits within the military 

health system.  

 

While patient copays were included, deductibles and extra patient cost sharing 

were not included. At some points of service and plan types, there is extra patient 

cost share due to enrollees not getting a referral. We do not think these formulary 

changes would significantly impact the utilization and costs from these 

deductibles and extra patient cost sharing. However, future research focused on 

patient spending could include these additional possible costs to patients. 

 

A minor limitation of this study was the lack of overseas claims. Thus, we have 

excluded the payment of services for those TRICARE populations. If future 

research were focused only on overseas TRICARE populations, data from 

overseas paper claims could be collected. 
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Chapter 6 
 

Conclusion 
 

This dissertation study had three main objectives: i) estimate the annual financial 

consequences of antidiabetic formulary changes from the TRICARE payer 

perspective using TRICARE claims data over three years; ii) assess the face 

validity, internal validity, and predictive validity of the model; and iii) identify 

and compare cost drivers of both the budget and the budget impact identified 

through the model versus the empirical analysis. 

 

The budget impact model predicted savings from the antidiabetic formulary 

changes, but these savings were less than what was determined from the empirical 

analysis. This was largely due to a lower amount of utilization realized compared 

to what was predicted. Switch rates were also lower than expected due to delays 

in implementation of the formulary changes. While the retail network pharmacy 

point of service was predicted by the model to have the greatest savings, the mail 

order pharmacy point of service had the greatest savings in the empirical analysis. 

 

The budget impact model overpredicted future annual budgets compared to what 

was seen. This was largely due to an assumption that the increase in utilization 

from two years before to one year before would be continue at the same rate for 

the future. For future models, one could examine the rate of changes in utilization 
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to determine whether to assume constant utilization or a constant rate in changes 

in utilization. 

 

To increase the usability of a budget impact model by a health plan, future budget 

impact models should collaborate with health plans to identify the research 

questions of their interest. For example, determining the budget impact of 

formulary strategies is likely more relevant to health plans than the budget impact 

of a new drug entering the market. Furthermore, collaboration with health plans 

may allow for utilizaton of actual health plan data, which will also increase health 

plan use of the model. Another way to increase the usability of a budget impact 

model is to undergo a validation process. Validation of future budget impact 

models should evaluate predictive validity in addition to face validity and internal 

validity.  
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Appendix A: Computer Program 
 

The computer program is also provided as an excel workbook, and is available 

upon request. This program follows ISPOR guideline recommendations by 

containing:31,32  

- A reset button 

- Introductory worksheets describing the use of the model, structure, and 

assumptions 

- A series of input worksheets showing input values 

- List of sources, computations, and assumptions associated with input 

parameters 

- Color coding to distinguish between each of the years, formulary change 

versus no formulary change scenarios, and input versus output 

- A series of output worksheets showing outputs 

- Graphs to summarize the results 

- Accessibility to all calculations 

- Reference worksheet with full references 

- A well-documented user guide in the form of notes throughout each of the 

worksheets 

- Pre-defined scenario analyses (as macros in the workbook) 
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Appendix B. Characteristics of Users of Each Pharmacy 

Point of Service 
 

Table B.1. Characteristics of Users of Each Pharmacy Point of Service  

  
MTF 

(n=256,190) 

Mail 

(n=261,101) 

Retail network 

(n=218,156) 

Retail Non-

network 

(n=2,729) 

Age Group, y % 

% of 

Row % 

% of 

Row % 

% of 

Row % 

% of 

Row 

0-24 1.4% 52.9% 0.2% 8.2% 1.5% 48.5% * * 

25-44 8.2% 56.5% 1.8% 12.9% 6.6% 38.6% 0.7% 0.1% 

45-64 41.3% 47.5% 26.2% 30.7% 38.9% 38.1% 40.0% 0.5% 

65-84 46.6% 36.2% 66.1% 52.3% 47.6% 31.5% 55.7% 0.5% 

85+ 2.5% 23.7% 5.6% 53.7% 5.4% 43.3% 3.5% 0.3% 

Gender                 

F 49.7% 40.8% 50.5% 42.3% 54.5% 38.1% 47.2% 0.4% 

M 50.3% 41.3% 49.5% 41.4% 45.5% 31.9% 52.8% 0.5% 

Enrollee Type                 

ADSM with 

OHI 

(pharmacy) 0.0% 62.0% * * 0.0% 39.4% * * 

ADSM without 

OHI 

(pharmacy) 2.7% 81.0% 0.2% 5.6% 0.9% 21.8% * * 

Non-ADSM 

TRICARE 

Prime with OHI 

(pharmacy) 2.1% 61.1% 0.2% 6.4% 1.7% 42.4% 1.8% 0.6% 

Non-ADSM 

TRICARE 

Prime without 

OHI 

(pharmacy) 39.7% 67.1% 13.4% 23.0% 17.3% 24.9% 1.6% 0.0% 

TRICARE FOR 

LIFE with OHI 

(pharmacy) 4.0% 43.0% 2.0% 22.4% 5.2% 48.2% 17.0% 2.0% 

TRICARE FOR 

LIFE without 

OHI 

(pharmacy) 44.3% 34.4% 69.5% 54.9% 47.5% 31.4% 41.4% 0.3% 

TRICARE 

Standard/Extra 

with OHI 

(pharmacy) 2.0% 28.4% 0.7% 9.7% 5.8% 70.1% 21.5% 3.3% 

TRICARE 

Standard/Extra 

without OHI 

(pharmacy) 5.2% 16.1% 14.1% 44.1% 21.6% 56.7% 16.7% 0.5% 
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Table B.1 Continued. 
ADSM with 

OHI (medical) 0.1% 60.8% 0.0% 11.4% 0.1% 37.9% * * 

ADSM without 

OHI (medical) 2.7% 81.6% 0.2% 5.3% 0.8% 21.4% * * 

Non-ADSM 

TRICARE 

Prime with OHI 

(medical) 3.1% 55.6% 0.7% 12.8% 2.9% 43.8% 2.8% 0.5% 

Non-ADSM 

TRICARE 

Prime without 

OHI (medical) 38.7% 67.9% 12.9% 23.1% 16.1% 24.1% 0.6% 0.0% 

TRICARE FOR 

LIFE with OHI 

(medical) 8.9% 30.4% 11.7% 40.6% 16.0% 46.4% 41.5% 1.5% 

TRICARE FOR 

LIFE without 

OHI (medical) 39.4% 36.2% 59.8% 56.1% 36.7% 28.8% 16.9% 0.2% 

TRICARE 

Standard/Extra 

with OHI 

(medical) 2.9% 21.7% 2.3% 17.8% 11.0% 70.9% 33.8% 2.7% 

TRICARE 

Standard/Extra 

without OHI 

(medical) 4.3% 16.5% 12.4% 48.1% 16.4% 53.2% 4.4% 0.2% 

Beneficiary 

Category                 

Dependent 6.3% 70.5% 0.9% 9.9% 3.3% 31.4% * * 

Retired 48.8% 40.6% 49.6% 42.0% 44.9% 31.8% 52.9% 0.5% 

Other 42.1% 38.0% 49.4% 45.4% 51.0% 39.1% 46.9% 0.5% 

ADSM 2.8% 80.9% 0.2% 5.6% 0.9% 22.0% * * 

ADSM = active-duty service member; F = female; M = male; MTF = military treatment facility; N 

= no; OHI = other health insurance; Y = year; * indicates small cell count. 
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