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Abstract

Background: The use of mortality data in public health research has surged 

with the rise of open-access databases such as CDC WONDER. However, 

caution is needed when defining the relationship between ICD codes and 

when transitioning from older to newer versions of the data. This review 

provides a practical, step-by-step guide to using the CDC WONDER mortality 

database.

Methods: We outline key functionalities of the CDC WONDER interface, 

explain mortality rate calculations, and describe best practices for 

configuring queries using underlying and multiple causes of death. The 

review further introduces Joinpoint regression to identify temporal trend 

changes and compares forecasting approaches using traditional ARIMA 

models and modern deep learning architectures.

Results: Using illustrative examples and visual guides, we demonstrate how 

data interpretations can vary significantly depending on query configuration, 

Boolean logic (AND vs. OR), and coding practices. We highlight the strengths 

and limitations of different analytical strategies and show how 
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misinterpretation can arise from common errors, such as misunderstanding 

age adjustment or combining ICD codes without appropriate logic.

Conclusion: CDC WONDER is a powerful tool for mortality analysis, but its 

effective use requires a clear understanding of its data structure, coding 

logic, and statistical tools. Joinpoint regression and forecasting models 

complement WONDER data by enabling trend segmentation and future 

projections. This guide empowers researchers to use these tools accurately, 

improving the rigor and reproducibility of public health research.

Keywords: CDC WONDER guide, Joinpoint analysis, ARIMA forecasting, 

deep learning forecasting.

1. Introduction

We write this paper to provide a practical guide for researchers, public health 

professionals, epidemiologists, clinicians, and medical students to 

understand what the CDC WONDER is, what mortality data (both age-

adjusted and crude) represent, and how to interpret them accurately. We also 

discuss Joinpoint analysis, which involves dividing mortality trends over the 

years into segments rather than just one piece to evaluate each group or 

segment of years together, as well as forecasting analysis, a fancy way of 

saying we need to see the future mortality trends of our sample based on 

existing data (what the future looks like given the available data).

With the rising popularity of databases such as CDC WONDER, NHANES, 

GBD, TriNetX, and MAUDE, among others, journals have become 
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increasingly receptive to publishing research based on these databases. CDC 

WONDER, in particular, is one of the oldest and reflects data from the US 

population exclusively. Since its inception, the number of publications using 

this database has increased significantly. From the PubMed search alone, 

from 1993 (the database’s inception) to 2010, there were 58 publications, 

followed by 119 from 2010 to 2020. In recent years, this growth has 

accelerated even further, as illustrated in Figure 1.

 Insert Figure 1 here.

2. Overview of the CDC WONDER Database

What is this database, and how is it used?

Essentially, CDC WONDER is a publicly available database published by the 

Centers for Disease Control and Prevention (CDC) that provides annual data 

on causes of death in the United States, among other data. An individual may 

die from a single primary condition that initiated the sequence of events 

leading to death—referred to as the underlying cause of death—but other 

conditions that contributed to the death may also be recorded. These are 

known as multiple or contributing causes of death. Both types of death causes 

are documented on the death certificate, which is typically completed by the 

treating physician or a member of the care team. The certificate reflects the 

physician's clinical judgment about the primary cause of death and any 
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contributing conditions—essentially, what directly caused the death and what 

other factors played a supporting role (1,2).

The database offers valuable insights into mortality data—both crude and 

age-adjusted rates—dating back to 1968. Updated annually, it also provides 

early, incomplete estimates of deaths (counts and often rates) based on death 

certificates received and coded as of a cutoff date, before the complete set of 

records is processed. These preliminary figures, referred to as provisional 

deaths, reflect deaths occurring through January 5, 2025, as of January 12, 

2026, update (i.e., one week before this inquiry).

3.  Mortality Rates: Crude vs. Age-Adjusted

In CDC WONDER, the age-adjusted mortality rate (AAMR) is a method for 

comparing death rates as if every population group had the same age 

distribution as a standard chosen population. It does this by calculating death 

rates within 11 age groups and then combining them using a fixed “standard” 

age distribution (by default, the year 2000 US standard population). 

Therefore, the differences you observe are less likely to be driven solely by 

one group being older than another. The 11 age groups used for standard 

age-adjustment in WONDER are: <1, 1–4, 5–14, 15–24, 25–34, 35–44, 45–54, 

55–64, 65–74, 75–84, and ≥85 years.

By contrast, the crude mortality rate is the simple “raw” death rate in the 

population without adjusting for age. Because older people die at higher 

rates, a population with more older adults will often have a higher crude rate 
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than its age-adjusted rate—but this isn’t guaranteed (it depends on how old 

the population is compared with the standard population). Both rates are 

typically reported per 100,000 people in WONDER.

When we say age-adjusted mortality is calculated “as if every group had the 

same age makeup,” we mean this:

 You first compute age-specific death rates (a rate within each age 

band).

 Then you re-weight those age-specific rates using the same fixed age 

distribution (the “standard population”) for everyone you’re 

comparing—so differences aren’t just because one population is older. 

A simple example: Imagine two towns, each with 100,000 people:

Town A (older):

 80% under 65

 20% age 65+

Town B (younger):

 95% under 65

 5% age 65+

Now, assume both towns have the same age-specific death rates:

 Under 65: 100 deaths per 100,000

ACCEPTED MANUSCRIPTARTICLE IN PRESS

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



 65+: 2,000 deaths per 100,000

Crude rate (raw rate):

 Town A: 0.80×100 + 0.20×2000 = 80 + 400 = 480 per 100,000

 Town B: 0.95×100 + 0.05×2000 = 95 + 100 = 195 per 100,000

So Town A looks much worse—but only because it has more older people.

Age-adjusted rate (“as if both towns had the same age makeup”):

Pick a single “standard” age mix (for illustration): 90% under 65, 10% age 

65+

Apply those same weights to both towns:

 0.90×100 + 0.10×2000 = 90 + 200 = 290 per 100,000 (for both towns)

The two towns in the above example may represent two states (e.g., Florida 

vs. Utah), two racial groups (e.g., non-Hispanic White vs. Hispanic), or even 

two time points (e.g., 1999 vs. 2017).

This is exactly the logic used in CDC WONDER: it applies a fixed 

(standardized) age distribution to ensure fair comparisons of mortality across 

populations or time periods. Figure 2 illustrates this age adjustment process.

 Insert Figure 2 here.

The platform can be accessed at https://wonder.cdc.gov. Upon entering the 

site, users are prompted to select the dataset type they wish to explore. The 

most frequently used datasets are Underlying Cause of Death (UCD), Multiple 
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Cause of Death (MCD), and Compressed Mortality, which will be the focus of 

our talk here.

The UCD dataset provides data on the underlying cause of death only, 

starting in 1999, while the MCD dataset includes data on both underlying and 

multiple causes of death beginning in 1999. The Compressed Mortality 

dataset contains older mortality data dating back to 1968, along with some 

more recent data.

4. ICD Coding Systems and Time Transitions

Still, it is essential to recognize that the International Classification of 

Diseases (ICD) coding system used in CDC WONDER has evolved over time. 

ICD-8 was used from 1968 to 1978; ICD-9 from 1979 to 1998; and ICD-10 has 

been used for US mortality (death certificate) cause-of-death coding, starting 

with deaths in 1999 and continuing through 2016 and beyond. This can be 

confusing because the “2015 ICD-10 adoption” refers to a separate transition 

in clinical billing/claims (ICD-9-CM → ICD-10-CM/PCS) that took effect on 

October 1, 2015 (3), not the mortality system used in WONDER. When 

analyzing trends across multiple decades, it is essential to account for these 

coding transitions to ensure comparability and accurate interpretation.

5. Step-by-Step Guide to Using the CDC WONDER Interface

After selecting the desired dataset, the user accesses a configuration 

interface to define the parameters of their query. One of the initial steps 

involves selecting the year or range of years of interest—for example, 1999 
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to 2020. The user then proceeds to Step 1 in Figure 3, where they choose 

how to group the data. Grouping can be based on demographic or geographic 

variables such as sex, race, year, census region, or state. It is essential to 

note that if the underlying or multiple causes of death and demographic 

categories, such as age groups, selected in Step 3 remain unchanged, the 

data output will be the same, with differences only in how the results are 

displayed—for instance, in the Excel file structure. Also, in Step 1, users 

should check boxes to include age-adjusted mortality rates (AAMR), 

confidence intervals (CI), standard error (SE), and percentage of total 

deaths—if desired. It is also important to note that if users choose to group 

the data by age groups in Step 1, the AAMR will not be available, as it cannot 

be calculated for the same age groups used in the age adjustment process. In 

such cases, the AAMR checkbox can be omitted; if it is selected, it will not 

yield results.

In Step 2, users can narrow the data by location, filtering by state or 

urbanization level, though these fields are often left at their default settings. 

Step 3 enables users to define demographic filters such as sex, race, and age 

group. For analyses focused on adults, the "25 years and over" age group is 

commonly selected, particularly because data for younger age bands, such as 

18–24 years, are often unavailable. WONDER has predefined age strata for 

the AAMR calculation, which is why the 18-24 age group is unavailable; it’s 

not used in the AAMR calculation. 
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Further refinements are available in Step 5, where users can filter by the 

weekday of death, autopsy status, and place of death. However, these filters 

are typically not altered unless the research question requires them. The 

most crucial part of the process is in Steps 6 and 7, where the causes of death 

are defined using ICD codes. In Step 6, which addresses the underlying cause 

of death, users can input one or more ICD codes, interpreted as an “OR” 

condition—meaning any of the selected codes can qualify as the underlying 

cause. In Step 7, which allows multiple causes of death, users can enter up 

to 20 ICD codes. These can all be entered in a single box (also interpreted as 

“OR”), or split between two boxes that use “AND” logic.

For example, one might define ischemic heart disease (IHD) as the underlying 

cause of death and then add diabetes mellitus type 2 (DM-2), hypertension 

(HTN), or chronic kidney disease (CKD) in one “OR” box, with stroke listed in 

the “AND” box. This setup would return data on deaths where IHD was the 

primary cause, and any of the listed conditions—DM-2, HTN, or CKD—were 

present, along with stroke as a contributing cause. To do this, you must select 

the appropriate ICD coding system for ischemic heart disease. Under ICD-8, 

the codes are 410–413; under ICD-9, the codes are 410–414; and under ICD-

10, the codes are I20–I25. Once selected, you can download datasets that 

include both age-adjusted and crude mortality rates.

Finally, in Step 8, users can configure export settings and specify how the 

data should be displayed or downloaded. It is recommended to set the 

number of decimal places to at least 3 or 4, as selecting only 1 decimal place 
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will cause any death rate below that threshold to be displayed as zero. In this 

case, we selected the maximum value of 9 decimal places to ensure the most 

precise representation of the data. Generally, Steps 1, 3, 6, and 7—covering 

data grouping, demographic filters, and cause-of-death coding—are the most 

essential and frequently used components in most analyses conducted 

through this interface.

 Insert Figure 3 here.

A simplified version of the CDC WONDER query process is illustrated in 

Figure 4.

It is important to note that some data may not be available when certain 

variables are selected in Step 1, but may become available after filtering in 

subsequent steps. What does this mean in practice? For example, if you 

choose to group the data by Weekday in Step 1, the output will include only 

the number of deaths, without any associated crude death rate or age-

adjusted mortality rate (AAMR). This is illustrated in the example for ICD-10 

codes C00–D48 (Neoplasms).

However, if you instead go to Step 5 and use Ctrl or Shift to select Monday 

through Friday, the data output will include both AAMR and crude rates. This 

is because the system does not provide rate-based data for each day 

individually, likely due to insufficient sample size. However, when multiple 

weekdays are combined, the resulting larger sample size enables the 

calculation of these rates.
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It is also important to note that if you use this second method (filtering for 

weekdays in Step 5) and download the data, the results will represent all 

selected weekdays combined—without a corresponding comparison group 

(e.g., weekends). As such, this combined weekday group should not be 

directly compared to weekend data. Not only is the result age-adjusted only 

(and not adjusted for other demographic or contextual factors), but it is also 

not volume-adjusted. In other words, more deaths naturally occur on 

weekdays than on weekends, so any comparison between the two must be 

interpreted with caution to avoid misleading conclusions. See Figure 5 for 

illustrations.

 Insert Figure 5 here.

In addition to mortality data, the CDC WONDER database provides 

information on environmental changes, cancer incidence and mortality, 

infant deaths and natality, and the distribution of tuberculosis cases. Refer to 

Figure 6 for a detailed overview of the datasets available on the platform. 

Among these, the datasets on underlying and multiple causes of death are 

the most widely used for research, which we discussed above.

 Insert Figure 6 here.

6.  Case Study: CAD and COPD Mortality Queries
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Consider the following research topic you want to write up. What is the 

mortality rate of stable coronary artery disease (CAD) among patients with 

chronic obstructive pulmonary disease (COPD)?

This title carries four possible interpretations:

First possibility: You designate stable CAD as the underlying cause of death 

and COPD as the multiple cause. This means these are patients who died 

primarily from stable CAD and had COPD recorded as a contributing factor. 

In this case, you are not capturing the entire population of people with COPD. 

Some patients had COPD, but for various reasons, the physician who filled 

out the death certificate did not judge that COPD contributed to the death, 

even though the patient had it. This process is very subjective and doesn’t 

reflect the full sample.

Second possibility: The data was extracted with both stable CAD and COPD 

listed as multiple causes, and the relationship between them was set to OR 

(in the same box). This includes all patients who had either COPD or stable 

CAD mentioned anywhere on the death certificate, whether as an underlying 

or contributing cause. Why? Because if the underlying cause field is left blank 

(by blank, we mean it holds the possibility of any disease to be listed), the 

main cause of death could be anything. “Anything” could include stable CAD 

or COPD, but it might also be something else entirely—like stroke, for 

example. This means the person died and had either COPD or stable CAD or 

even both listed on their death certificate, without specifying whether it was 
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the primary or a contributing cause. This can make the interpretation very 

vague.

Third possibility: You selected both stable CAD and COPD as multiple 

causes, with the relationship set to 'AND' rather than 'OR' (each in a separate 

box). This means you’re capturing only those death certificates where both 

conditions appear—whether one is listed as underlying and the other as 

contributing, or both as contributing. This approach is generally more precise 

than the previous one.

Fourth possibility: The user selected stable CAD and COPD, both as 

underlying causes. In this case, the CDC WONDER system will always treat 

the relationship as OR, because a person can only have one underlying cause 

of death. This means the individual died either from stable CAD or from 

COPD—but not both. This approach lacks precision. For this, we are against 

calling it “among patients with COPD” because there are people with COPD 

who died from stable CAD. Still, the physician did not acknowledge COPD as 

a contributing factor to death, so it’s better to be revised as “What is the 

mortality rate of stable CAD when COPD is present as a contributing 

condition?” See Table 1 and Figure 7 for details.

 Insert Table 1 here.

 Insert Figure 7 here.

From our standpoint, WONDER is an effective tool for understanding 

underlying causes of mortality, such as stroke, atrial fibrillation (AF), or acute 
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coronary syndrome (ACS), over time. Combining earlier data from before 

1999 with later data from after 1999 provides a more comprehensive 

historical perspective. While earlier datasets lack the detailed subgroupings 

and categories found in more recent datasets (e.g., ethnicity and races 

beyond Black or White), they still provide valuable insights when analyzing 

large mortality datasets. This historical view helps illustrate how mortality 

rates have evolved and raises important questions about the contributing 

factors. For instance, have public health policies played a role in reducing 

mortality? Or has the absence of such policies contributed to an increase or 

plateau in deaths? 

Recently, Lippi et al. examined the data from a different angle by focusing on 

within-year monthly seasonality rather than long-term secular trends, 

showing that U.S. acute myocardial infarction mortality from 2018 to 2022 

consistently peaked in December and January and was lowest during the 

summer months (4), which provides another useful perspective for examining 

these data.

Sometimes, an observed rise in mortality may be due to improved detection 

rather than an actual increase in death rates, as seen in the study examining 

mortality from amyloidosis over the years, where the increase is likely due to 

better identification rather than a true rise in cases per se (5). If users choose 

to use the multiple causes of death in analyses, caution is necessary. The 

interpretation can vary depending on how Boolean logic is applied in the 

literature, which may influence the conclusions drawn.
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Accordingly, the methodological choices employed when querying CDC 

WONDER have significant implications for public health. In our CAD and 

COPD case study, employing a comprehensive 'OR' logic includes a 

significantly diverse population, in which the actual cause of death may be 

unrelated to either condition. If researchers depend on this vague question, 

they could be overestimating how many people die because of the connection 

between CAD and COPD, which might lead to wrong public health priorities, 

and could mean that resources for disease prevention are not used as well as 

they could be (6). On the other hand, using the more exact "AND" logic only 

looks at the group of people who died with both criteria at the same time. 

This level of accuracy enables policymakers and doctors to accurately assess 

the true comorbidity burden, develop integrated care pathways, and develop 

evidence-based solutions that meet the community's health needs (7).

7. Joinpoint Analysis: Understanding Trend Changes

We now transition to Joinpoint analysis.

What is Joinpoint analysis?

In simple terms, Joinpoint analysis is a statistical tool that breaks down a 

single, long-term trend into smaller, specific time segments. Instead of 

drawing a single straight line across decades of data, it connects multiple 

lines to pinpoint exactly when mortality rates changed course, such as the 

year when a steady decline suddenly turned into an increase.

Consider the following hypothetical example:
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The age-adjusted mortality rate (AAMR) for acute myocardial infarction was 

0.3 in 1999 and 0.9 in 2020. If you draw a straight line between these two 

points, you could say that the AAMR increased by 0.6 over 21 years, resulting 

in an average annual increase of 0.02857 (0.6/21).

While this provides a broad view of the data, it misses important details.

For instance, suppose that between 1999 and 2005, the AAMR actually 

decreased from 0.3 to 0.1; then from 2005 to 2012, it increased sharply to 

1.6; and finally, from 2012 to 2020, it declined again to 0.9. This segmentation 

provides a much deeper understanding of how the AAMR evolved over the 21 

years.

Some of these segmental trends may be statistically significant—for example, 

a p-value < 0.05 from 1999 to 2005—while others may not (e.g., p-value > 

0.05 in subsequent periods).

Joinpoint analysis (or Joinpoint regression) is a method used to examine how 

mortality trends change over time. Joinpoint models fit multiple connected 

line segments and identify the years in which the slope changes significantly 

or non-significantly—these are known as joinpoints. The main objective is to 

detect the timing of these trend changes and to analyze rate patterns before 

and after each joinpoint. This approach is well-suited for CDC WONDER data, 

which often exhibits non-uniform mortality trends.

Joinpoint analysis is commonly conducted using the National Cancer Institute 

(NCI) Joinpoint Regression Program (8,9), a widely used tool for surveillance 
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analysis of rates. The software allows users to set a minimum and maximum 

number of joinpoints and then tests whether adding joinpoints significantly 

improves model fit. The output reports the identified joinpoint years and the 

slope of each segment, expressed as Annual Percent Change (APC). It also 

provides an Average Annual Percent Change (AAPC) to summarize overall 

trends.

For CDC WONDER data, Joinpoint is typically applied to age-adjusted 

mortality rates (AAMR), which help enable fair comparisons across years 

despite changes in the population’s age structure. Still, it can also be applied 

to crude rates, death count, or percentage. The NCI Joinpoint Regression 

Program includes several models and option settings that are particularly 

important for analyzing CDC-type mortality data.

The model needs to decide how many “joinpoints” (change-points) to include. 

One method, the Permutation Test (10), adds joinpoints only when there's 

strong evidence that the change is real, based on many simulated datasets 

(e.g., 4499 permutations). This is like running a detailed test to see if adding 

a joinpoint significantly improves the model. The other method, Weighted BIC 

(WBIC) (11), skips formal testing and instead picks the number of joinpoints 

by balancing how well the model fits the data versus how simple it is. WBIC 

might allow more joinpoints if they slightly improve the model, even without 

strong statistical proof.
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Another difference is in how confidence intervals (CIs) are calculated. These 

intervals show how certain we are about trend estimates, such as Annual 

Percent Change (APC). The older Parametric Method assumes that the data 

follow a specific distribution and tends to yield wider, more cautious 

intervals. The newer Empirical Quantile (12,13) Method uses resampling 

(e.g., 5001 model repeats) to directly estimate variability, often resulting in 

narrower, more accurate intervals. These differences may not matter much 

in large, smooth datasets. Still, in smaller or noisier subgroups (like by age 

or race), they can lead to different joinpoint years, different APC values, or 

even change whether a trend is considered statistically significant. Running 

both methods can help confirm the robustness of your findings.

Both the Permutation Test and Weighted BIC methods use the same setting 

for the maximum number of joinpoints—for example, 7—because this is a 

general rule that limits how complex the model is allowed to get, no matter 

which selection method you’re using. It works like a cap: the software looks 

at all models from the minimum (usually 0 joinpoints) to the maximum (e.g., 

7), and then the chosen method (Permutation or WBIC) picks the “best” one 

from that range.

However, the number 7 isn't always the default setting. Joinpoint software 

usually recommends a maximum number of joinpoints based on the amount 

of data you have. For example, if your data has 27 or more time points (e.g., 

27 years), it might suggest a maximum of 5 join points. But you're allowed to 
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set a higher maximum manually (up to 9) if you’re using a more detailed 

search, called a grid search, though this can take longer to run.

It is important to note that the software accepts a grouping variable (such as 

ethnicity, race, or gender) alongside the year as the independent variable, 

and requires the count or rate to be analyzed—such as age-adjusted mortality 

rate (AAMR), crude rate, or death count—along with its standard error (SE). 

Confidence intervals (CIs) are not required. We advise using the Empirical 

Quantile method for confidence intervals and the Weighted BIC for model 

selection, as shown in Figure 8.

For a simple explanation of Joinpoint analysis, please see Figure 9.

 Insert Figure 8 here.

8. Forecasting Mortality Trends

Forecasting uses historical data to predict future mortality trends, assuming 

no major changes in clinical care or public health policies occur. This section 

includes two main approaches: traditional statistical models (such as 

ARIMA), which are excellent for straightforward, historical patterns, and 

modern machine learning models (such as deep learning), which are better 

suited for massive, complex datasets with multiple variables.

Two commonly used approaches are ARIMA (AutoRegressive Integrated 

Moving Average) and deep learning (DL) models, both of which fall under the 
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broader umbrella of machine learning. However, ARIMA is often considered 

a traditional statistical method, while deep learning reflects modern 

computational advances.

These models generally assume that underlying mortality trends remain 

stable, meaning that there are no significant changes in treatment practices, 

diagnostic criteria, or external interventions over time. In other words, they 

attempt to answer the question:

“If we make no changes to clinical care or public health interventions, what 

will mortality look like in 5, 10, or 20 years?”

ARIMA models are most effective for small to moderately sized datasets—

typically when working with monthly or annual data spanning 10–30 years 

and involving relatively few variables (14). These models are highly 

interpretable and well-suited to data with consistent seasonal or linear 

patterns. They rely on previous observations and errors to capture time 

dependence and are widely used because of their simplicity and ease of 

interpretation (15,16). In practice, ARIMA models are commonly 

implemented using R packages such as “forecast”, or Python packages such 

as “pmdarima” and “statsmodels”.

On the other hand, deep learning models, such as LSTM, GRU, or 

Transformer-based architectures, are more powerful for handling larger and 

more complex datasets, including high-frequency data (e.g., daily or hourly), 

longer time spans, or multivariate time series with many features (e.g., 
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clinical, demographic, or policy variables). While these models require more 

data and computational power, they can capture non-linear trends and 

complex dependencies that ARIMA models cannot (17). They are typically 

implemented in R using Keras, or in Python using TensorFlow/Keras or 

PyTorch, and perform best when applied to large or complex datasets.

For a simple explanation of forecasting models, please see Figure 9.

 Insert Figure 9 here.

9. Examples from the Literature Where CDC WONDER’s 

Interpretation Matters.

It’s important to understand that studies based on CDC WONDER are cross-

sectional in nature, involving population-level death-certificate data of deaths 

from a given condition or conditions in the United States. There is no 

comparative arm, and therefore, these studies cannot be classified as 

retrospective cohort studies. However, they can appropriately be described 

as retrospective cross-sectional studies.

In the study by Billion et al.(18), the authors examined trends and disparities 

in lung cancer mortality, but incorrectly described their work as a 

retrospective cohort study. The same issue applies to the study by Maniya et 

al. (19), which analyzed atherosclerotic cardiovascular disease–related 

mortality among older adults, but also misclassified the study design as a 
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retrospective cohort study. In another study by Nabi et al. (20), the authors 

used “AND” logic to link both obesity and hypertension. ICD codes for one 

condition were entered into the first box of the MCD section, while codes for 

the other condition were entered into the second box. The UCD was left at 

the default setting of “All Causes of Death,” meaning the primary cause could 

be obesity, hypertension, or another condition entirely. The authors 

appropriately defined and applied their logic.

Additionally, in Dort et al. (21), the authors titled their work “Trends in 

pulmonary embolism mortality in cancer patients,” suggesting that the study 

included all cancer patients whose primary cause of death was pulmonary 

embolism (PE). However, the authors used AND logic, similar to Nabi et al., 

meaning that both PE and cancer were listed somewhere on the death 

certificate—either as an MCD or UCD—but not necessarily that PE was the 

direct cause of death in cancer patients. In this configuration, the actual UCD 

could be PE, cancer, or another unrelated condition. A more accurate and 

transparent title for their study would be: “Mortality trends related to PE and 

cancer patients.” In another study by the same lead author (Nabi et al.) (22), 

they used acute myocardial infarction (AMI) as the underlying cause and 

chronic kidney disease (CKD) as a contributing cause of death, titling the 

study “Mortality Trends from Acute MI with Underlying CKD.” While it is true 

that if CKD is listed as an MCD, the patient had it at the time of death, the 

approach does not capture all AMI cases in which CKD was recorded as an 

MCD, as this is entirely dependent on how the death certificate was 
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completed. Instead, it identifies only a subset of patients in whom AMI was 

the UCD and CKD was explicitly documented as a contributing cause.

10. Adaptation of Analytical Methods to Global Mortality 

Databases

While the CDC WONDER database provides comprehensive mortality data 

for the US only, the analytical principles and statistical techniques discussed 

in this guide can be translated to global health research. Researchers 

investigating international mortality trends can apply similar workflows, such 

as differentiating between underlying and multiple causes of death, adjusting 

for age to allow cross-population comparisons, and accounting for ICD coding 

transitions when using global repositories.

Prominent global resources include the World Health Organization (WHO) 

Mortality Database, which provides cause-of-death statistics based on ICD 

classifications (23) (24), and the Global Burden of Disease (GBD) studies, 

which provide comprehensive demographic and epidemiological estimates 

across 204 countries and territories (25) (26). When applying tools like 

Joinpoint regression and forecasting models to these international datasets, 

investigators must remain vigilant about database-specific limitations. For 

example, the quality, completeness, and reporting of death certificates vary 

significantly between low- and high-income countries (27) (28). Also, global 

databases often aggregate data using different standard populations for age-

adjustment (29). However, by adapting the rigorous query configurations and 
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statistical modeling approaches outlined in this guide, researchers can 

effectively leverage global databases to track disease burden, evaluate 

international public health interventions, and forecast future epidemiological 

challenges on a global scale.

11.  Limitations of CDC WONDER and Cautions in 

Interpretation

The CDC WONDER mortality databases have several key limitations. First, 

they are based on death certificates rather than clinical registries and 

therefore offer limited clinical detail and sparse demographic data. They do 

not include laboratory results, imaging, medications, procedures, or 

adjudicated diagnoses. Instead, a single designated certifier makes the 

medical judgment, and the underlying cause is determined afterward through 

standardized coding rules rather than through a multiperson adjudication 

process. Prior literature has shown that certifiers may record terminal 

mechanisms such as “cardiopulmonary arrest” or “cardiac arrest” instead of 

the actual disease process causing death, even though these terms reflect 

mechanisms of dying rather than valid underlying causes of death. As a 

result, mortality data may be influenced not only by disease burden and 

survival, but also by certification practices and coding behavior. Additionally, 

WONDER cannot distinguish whether mortality trends reflect changes in 

disease occurrence, survival, treatment, or coding practices; thus, causal 

interpretation requires caution. Suppression rules also present a practical 

challenge: counts under 10 are suppressed and cannot be published, which 
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distorts analyses of rare outcomes or small populations. In addition, low-

count rates (for example, <20) may be flagged as unreliable. Finally, changes 

in coding systems, such as transitions from ICD-8 to ICD-9 and ICD-10, can 

introduce discontinuities in trends, necessitating the use of comparability 

ratios (30–32).

Misclassification of race/ethnicity—particularly among American 

Indian/Alaska Native and Hispanic groups—can bias disparity analyses, while 

inaccuracies in recording education and occupation (reported after 2020) can 

distort trends and analyses related to socioeconomic and occupational 

factors. Provisional mortality files are affected by reporting delays, increased 

suppression, and flagged unreliability, making them more suitable for 

surveillance than for detailed subgroup analysis. Finally, analytic decisions 

about whether to use only underlying causes or include multiple causes can 

substantially affect results, as multiple-cause data may reflect comorbidity 

rather than true causation.

12. Strategies for Overcoming Data Limitations.

While the inherent limitations of CDC WONDER cannot be avoided, 

researchers can employ specific methodological strategies to mitigate their 

impact.

Regarding suppressed data: To protect confidentiality, CDC WONDER 

suppresses death counts of fewer than 10, which disproportionately affects 

rural areas and rare causes of death. The most straightforward strategy to 
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overcome this is temporal or spatial aggregation, such as pooling 3- to 5-year 

periods into rolling averages or grouping individual counties into larger 

geographic regions to surpass the reporting threshold. For more advanced 

geospatial analyses, researchers can apply Bayesian spatial smoothing or 

multiple imputation techniques that weight population data and regional 

averages to estimate suppressed values without discarding incomplete 

datasets (33,34).

Additionally, to correct for misclassification, researchers evaluating 

demographic disparities should apply the misclassification correction ratios 

routinely published by the National Center for Health Statistics (NCHS) to 

adjust their age-adjusted mortality rates (35). Alternatively, if detailed 

demographic specifics are not a primary aim of the study, researchers may 

limit comparative analyses to non-Hispanic White and non-Hispanic Black 

cohorts. These groups have historically exhibited superior validity and 

minimal misclassification in vital statistics records (36).

13. Conclusion

CDC WONDER is a valuable tool for analyzing US mortality trends. Still, its 

effective use depends on a clear understanding of its data structure, including 

the distinction between crude and age-adjusted mortality rates, ICD coding 

transitions, and the logic applied when selecting underlying and multiple 

causes of death. This review provides practical guidance on navigating the 

platform, configuring accurate queries, and applying advanced analytical 
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methods such as Joinpoint regression and forecasting models. When used 

thoughtfully, CDC WONDER, paired with robust statistical tools, can offer 

powerful insights into temporal mortality patterns and inform evidence-based 

public health decisions.
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Tables

Table 1. Interpretation of CDC WONDER Query Combinations for Stable 

CAD and COPD in Mortality Data.

Scenario WONDER 
Configuration

Logic Applied What This 
Query 
Captures

Implication 
for Research

1. Primary & 
Contributory

Underlying 
Cause: CAD
Multiple Cause: 
COPD

AND Patients whose 
primary cause 
of death was 
CAD, and who 
had COPD 
recorded 
specifically as a 
contributing 
factor.

Too Restrictive: 
Misses COPD 
patients where 
the physician 
failed to list it 
as a contributor 
(subjective 
error).

2. Broad 
Inclusion (OR)

Multiple Cause 
(Box 1): CAD, 
COPD

OR Patients who 
had either CAD 
or COPD were 
mentioned 
anywhere on 
the certificate. 
The actual 
cause of death 
could be 
unrelated (e.g., 
Stroke).

Too Vague: 
Captures an 
overly broad 
population; 
difficult to 
attribute 
mortality 
specifically to 
the interaction 
of these 
diseases.

3. Co-
Occurrence 
(AND)

Multiple Cause 
(Box 1): CAD
Multiple Cause 
(Box 2): COPD

AND Patients where 
both conditions 
appear on the 
death 
certificate, 
regardless of 
which was 
primary or 
contributory.

Recommended: 
The most 
precise method 
for analyzing 
the mortality 
burden of co-
occurring 
conditions.

4. Underlying 
Exclusive

Underlying 
Cause: CAD, 
COPD

OR Patients who 
died either 
primarily from 
CAD or 
primarily from 
COPD. A person 
cannot have 
two underlying 
causes.

Misleading: 
This creates 
two separate 
cohorts (one 
dying of CAD, 
one of COPD) 
rather than a 
cohort with 
both conditions.

*By CAD, we refer to stable CAD.
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Figures Legend

Figure 1. Rising use of the CDC WONDER database in published research 

over time.

Figure 2. Calculation and interpretation of crude versus age-adjusted 

mortality rates.

Figure 3. Step-by-step configuration interface for querying mortality data in 

CDC WONDER (Multiple Cause of Death, 1999–2020).

Figure 4. Simplified overview of the CDC WONDER query workflow.

Figure 5. Comparison of weekday filtering in Step 5 (right) versus grouping 

by weekday in Step 1 (left) using the CDC WONDER Multiple Cause of Death 

database (1999–2020). Filtering weekdays (e.g., Monday to Friday) in Step 5 

yields full output including deaths, crude death rates, age-adjusted mortality 

rates (AAMR), and their respective confidence intervals and standard errors. 

In contrast, grouping by weekday in Step 1 provides only death counts, with 

all rate-based measures labeled “Not Applicable.” This visual comparison 

highlights how the choice of step affects data availability and interpretability.

Figure 6. CDC WONDER system interface displaying the range of available 

public health data sources.

Figure 7. Common methodological pitfalls in CDC WONDER–based mortality 

analyses.
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Figure 8. Joinpoint Regression Program setup for trend analysis of age-

adjusted mortality rates.

Top Panel (Step 1 – Variable Selection):

Loads the dataset containing age-adjusted mortality rates (AAMR), year, 

subgroup (e.g., race), and standard error. The year is set as the 

independent variable, and AAMR is selected as the dependent variable. Log 

transformation is applied to linearize exponential trends.

Middle Panel (Step 2 – Joinpoint Configuration):

The model defaults to the number of joinpoints based on the loaded data. 

Confidence intervals are calculated using the Empirical Quantile Method 

with 5,001 resamples for increased precision, and model selection is based 

on the Weighted Bayesian Information Criterion (WBIC).

Bottom Panel (Step 3 – Model Selection & Execution):

The model switches from BIC-based methods to the Permutation Test, which 

uses 4,499 permutations to determine whether each joinpoint significantly 

improves model fit. Trends are summarized over the full time range (1968–

2023) using the Average Annual Percent Change (AAPC), with confidence 

intervals calculated using parametric methods.

Figure 9. Overview of the analytical framework for mortality trend research, 

showing a two-stage workflow: joinpoint regression to identify changes in 

temporal trends and estimate APC/AAPC, followed by forecasting models 

such as ARIMA and deep learning to project future mortality patterns.
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