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Abstract

A challenge that data scientists face is building an analytic product that is useful and trustworthy
for a given audience. Previously, a set of principles for describing data analyses were defined that
can be used to create a data analysis and to characterize the variation between analyses. Here,
we introduce a concept called the alignment of a data analysis, which is between the data analyst
and an audience. We define an aligned data analysis as the matching of principles between the
analyst and the audience for whom the analysis is developed. In this paper, we propose a model
for evaluating the alignment of a data analysis and describe some of its properties. We argue
that more generally, this framework provides a language for characterizing alignment and can
be used as a guide for practicing data scientists to building better data products.

Keywords analytic design theory; data science; evaluation

1 Introduction
In the practice of data science, a data scientist builds a data analysis to extract knowledge
and insights from examining data (Tukey, 1962; Tukey and Wilk, 1966). More recently, the
knowledge developed from data analyses is often encoded into machine learning algorithms or
related data products to facilitate use by large numbers of users. Yet, the discussion of how to
build a data analysis that is trusted by its users often proceeds without explicit reference to
an audience or consumer for whom the data analysis is being developed. Indeed, there is much
for a data analyst to consider on their own with respect to statistical techniques, visualization
methods, data processing approaches, and computational algorithms that do not involve the
needs or requirements of an audience member in particular. However, a critical goal for many
data analyses is to be useful or persuasive to another person (Kimball, 1957). The audience
could range from simply the person doing the analysis to a much larger external group.

A general goal for the data scientist is to build data analyses that are trustworthy and
for others to have trust in the work that they produce. The extent to which results from data
analyses are used for key policy decisions enhances the need for trust between analyst and
audience. Broderick et al. (2023) note that complex data analyses with long data pipelines
present numerous opportunities for trust to break down. In particular, they note that trust
can break down if the evidence generated by an analysis is not useful for decision-making. An
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alternative framework is proposed by Yu and Kumbier (2020), who argue that trustworthiness
in the data science life cycle can be achieved through building analyses that have predictability,
computability, and stability (see also Yu and Barter, 2024). A principle that ties both frameworks
together is the characterization of the development of trust as primarily being in the hands of
the analyst, via decisions made about study design, data collection, model choice, and other
aspects of the data science process. Although the human element of data analysis is clearly
acknowledged, it is primarily in reference to the analyst. The identity and characteristics of
the audience, i.e. the person designated to receive the analysis results, are not specified in any
detail.

A significant challenge for the data analyst then is to build a data analysis that is useful for
the intended audience while also being trustworthy and adhering to generally accepted statistical
principles for high quality analyses. One extreme would be for the data analyst to ignore the
audience and build the data analysis as they see fit, hoping that the audience simply accepts the
analysis upon presentation. Another extreme would involve the data analyst simply giving the
audience whatever they asked for (within the confines of statistical theory, of course) without the
need for additional discussion. Neither extreme seems ideal, in general. Analysts who ignore the
specific interests of the audience risk being ignored in turn, rendering their analysis ultimately
useless. Analysts who meet the audience’s specifications exactly miss an opportunity to educate
the audience on techniques or approaches that might better serve their needs. In either case, the
analysis conducted is not as useful as it perhaps could have been (Mira and Wit, 2021).

One approach to addressing the challenge of building a useful analysis is to consider the
audience as part of the design of the analysis itself. The role of the audience here is to contribute
the definition of usefulness for a given analysis and specify their requirements for meeting that
definition, similar to the way an architect designs a house for someone to live in or the way
an engineer designs equipment for a specific purpose. Initially, the analyst may not completely
agree with the definition of usefulness nor have a desire or ability to meet the requirements.
There may be a lack of alignment between the analyst and the audience over what constitutes
utility in the context of the analysis. Subsequently, a negotiation may occur between the analyst
and audience in order to come to agreement over what would make the analysis most useful and
how the analyst might shape the analysis to achieve that goal.

This paper seeks to define the concept of alignment between a data analyst and an audience
and to discuss its role in the design of data analyses and in ensuring the usefulness of analytic
outputs. Usefulness can mean a variety of things here, but typically, a useful analysis will in-
fluence a decision-making process in a scientific, business, or policy context. Analyses designed
with a broad range of audiences in mind may serve a rhetorical purpose, aiming to convince an
audience of a specific point or to inform them about an important issue. From the analyst’s per-
spective, alignment can be thought of as a heuristic for guiding the organization of the elements
of a data analysis and its presentation.

We start by leveraging a set of previously introduced principles for data analyses that can
be used to guide the creation of a data analysis and to characterize the variation between data
analyses (D’Agostino McGowan et al., 2022). These principles of data analysis are prioritized
qualities or characteristics that are relevant to the analysis, as a whole or individual components.
For a given data analysis, a data analyst can assign allocations to these principles to increase
or decrease the amount of resources dedicated to these characteristics in a given data analysis.
These allocations can be highly influenced by outside constraints such as time or budget. In this
way, different allocations of the principles by the analyst can lead to different data analyses, all
addressing the same underlying question (Silberzahn et al., 2018).
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Next, we use this set of principles for data analysis to propose a framework for modeling
the alignment of a data analysis that relies critically on the audience for whom the analysis
is developed. In particular, as every data analysis has an audience that views the analysis
with their own preconceived notions, characteristics, and biases, we consider the allocations of
the principles by both the analyst and the audiences, who may have a different perspectives
on how these various principles should be allocated for a given data analysis. Neither set of
principles allocated by the analyst or the audience is necessarily correct or incorrect. However,
we previously hypothesized that how successfully aligned a data analysis is may depend on how
well-matched the analyst’s allocations are to the audience’s allocations for a given analysis (Hicks
and Peng, 2019). In this paper, we make these ideas more concrete and introduce an evaluation
metric that we call the alignment of a data analysis between the analyst and the audience.
We define an aligned data analysis as the matching of allocated principles between the analyst
and the audience on which the analysis is developed. In the following sections, we formalize
those ideas by proposing a general framework for evaluating the alignment of a data analysis
(Sections 2–3) and describe an example of how the concept of alignment can be used in the
classroom to train students in the analysis design process (Section 4).

2 Components of Variation in Principle Allocation
As described above and in previous work, we consider data analyses to be constructed in a
manner guided by a set of design principles (D’Agostino McGowan et al., 2022) characterizing
the data analysis. Specifically, D’Agostino McGowan et al. (2022) defined six principles of data
analysis as
1. Data matching: The extent to which the analysis has data readily measured or available to

the analyst that directly matches the data needed to investigate a question.
2. Exhaustive: The extent to which specific questions are addressed using multiple, complemen-

tary methods, tooling, or workflows.
3. Skeptical: The extent to which multiple, related questions or alternative hypotheses are

considered using the same data.
4. Second-order : The extent to which methods, tooling, or workflows that do not directly address

the primary question, but give important context or supporting information to the analysis,
are included.

5. Clarity: The extent to which key pieces of evidence in the data that explain the most “vari-
ation” or are most influential to understanding the results or conclusions are summarized or
visualized.

6. Reproducible: The extent to which someone who is not the original analyst can take the pub-
lished code and data and compute the same results as the original analyst. For the purposes
of this paper, we assume the analyst can always reproduce the analysis for themselves.

In this paper, we assume that the data analyst allocates a set of resources to each principle.
We allow for the possibility that there will be variation in the allocation of the principles from
analysis to analysis, for both analyst and audience.

2.1 Analyst Characteristics

From the analyst’s perspective, some of the determinants for how a given principle may be
allocated are:
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1. Analysis-specific Resources. Considerations about computing resources, time, budget, person-
nel, and other such resources and analysis characteristics can often require that an analyst
allocate more or less to certain principles for analysis. For example, analyses that must be
conducted in a short amount of time may be limited in their ability to explore multiple
competing hypotheses and exhibit low skepticism.

2. Question Significance. The significance of the question being addressed with the data may
play a role in determining principle allocations. Questions of high significance, for example,
may require a high degree of transparency or reproducibility for the audience. Questions
of lower significance may be done in a “quick-and-dirty” fashion; should the question’s sig-
nificance change in the future the analysis may need to be re-done with a different set of
principle allocations.

3. Field-specific Conventions. Analysts are often members of a field from which they may have
received their training (e.g. statistics, economics, computer science, bioinformatics). Each
field develops conventions regarding how analyses in their field should be conducted. Tukey
(1962) emphasized that in data analysis, there is a heavy emphasis on “judgment”, one
particular form of which is based upon the experience of members of a given field.

4. Analytic Product. Depending on the analytic product that will ultimately be presented to the
audience (e.g. PDF document, web-based dashboard, executable R Markdown document),
the analyst may determine that certain principles should receive a greater or lesser allocation.

2.2 Audience Characteristics

Similarly, the audience for whom the analysis is being developed will determine their principle
allocations based on a variety factors, including their perception of resources available to the
analyst, their judgment of the significance of the question, their own field-specific conventions
(assuming the audience and the analyst are not members of the same field), and their perception
of what the analytic product should contain.

The enumerated list in Section 2.1 describes some of the fixed factors that may drive varia-
tion in how various data analytic principles are allocated. However, there may be variation that
is more random in nature. In particular, we consider the randomness as arising from sampling
from a population of analysts or potential audiences trained in specific fields. Different analysts,
presented with the exact same question and data, will likely allocate principles differently and
hence produce different analyses based on their own personal characteristics. Similarly, different
audiences, considering the same analytic product, will allocate principles differently and evaluate
the alignment of the analysis differently.

Data analyses are built to be viewed by an audience and the nature of that audience
can affect how analyses are designed and planned. For the purposes of this paper, we describe
audiences as falling into three categories:
1. Analyst only: Here, the analyst is building an analysis for themselves and is not anticipating

that other people will be viewing it. Because the analyst is serving as the audience, the
analyst is able to allocate principles for the analysis that will be well-aligned.

2. Single or Small Audience: Many analyses are built for either a single person, such as collabo-
rator or client, or a small group of people. The assumption in this scenario is that the analyst
would have access to the audience and would be able to discuss with them what principles
should be emphasized in the analysis.

3. Multiple or Large Audience: Analyses built for very large audiences, such as in a research
paper or a large conference presentation, generally cannot be designed in a manner that
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assumes access to the audience. In this scenario, the analyst must to some degree speculate
about how the typical audience member would allocate different principles for the analysis.

In general, the audience will have their own preferences for how resources should be allocated
for the analyst building the data analysis and those preferences could be in conflict with how
the analyst would allocate those resources.

2.3 Example: Initially Misaligned Analysis

Consider two principles that may play a role in a data analysis: The reproducibility of the
analysis by people who are not the analyst (Peng, 2011) and how well-matched the data are
to the analysis (D’Agostino McGowan et al., 2022). Suppose an analyst is in a organization
where there is a request to do a quick analysis for a presentation in an internal meeting one
week from now. The analyst, as a general matter, may feel it worthwhile to dedicate time and
energy to ensure that the analysis is reproducible by others, even if it makes the analysis take
longer to prepare and execute. In addition, the analyst notices that while the exact dataset for
the analysis is not yet available, a dataset containing a similar surrogate measure is available
now. Given that the analysis is needed relatively quickly, the analyst figures that the surrogate
measure is sufficient. Meanwhile the person requesting the analysis (the audience) would greatly
prefer if more effort were taken to obtain the exact dataset needed for the analysis, and that
less time be spent on making it reproducible, given that the audience at this internal meeting
has no interest in re-analyzing the data for themselves. For this analyst and audience pair, we
have a mismatch on these two principles in that the analyst would prefer to devote more time to
making the analysis reproducible relative to matching the data while the audience would prefer
that more effort be spent on getting the better data relative to making the analysis reproducible
by others.

As we will describe in greater detail below in Section 3, the mismatch in priorities between
the analyst and the audience in this example indicate a lack of alignment. If, for example, we
could quantify the extent to which the analyst and the audience prioritize either reproducibility
or the matching of the datasets, we could then quantify the extent to which the analyst and
audience are misaligned (what we might call baseline alignment). This quantitative difference
in priorities will serve as the basis for defining alignment in an data analysis. Furthermore, it is
possible that the analyst an audience could engage in negotiation to adjust their respective pri-
orities for these principles (reproducibility and data matching), thereby improving their overall
analysis alignment.

3 Stages of Analytic Design
We can imagine that there are a fixed amount of resources (whether it be time, money, etc), that
can be allocated to each of the principles. Both the analyst and audience may have different
expectations of how these should be allocated. We conceive of the analytic design process as
broadly occurring in a sequence of stages. At the first or baseline stage the analyst and audience
independently allocate various principles based on their field-specific conventions and personal
views of the analysis. Following this stage is the analytic negotiation stage, where the analyst
and audience discuss the proposed analysis and negotiate over how various principles will be
allocated. We do not view the analytic negotiation stage as necessarily contentious, but rather an
opportunity for analyst and audience to understand the tradeoffs that each party is considering.
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Finally, in the resolution stage, both analyst and audience adjust their principle allocations
based on the results of the analytic negotiation.

3.1 Defining the Alignment of a Data Analysis
With the analyst allocations to specific principles and the audience allocations, we can proceed
to define the alignment of a data analysis.

Definition 1 (Baseline Alignment). The baseline alignment of a data analysis between analyst
i = 1, . . . , N and audience j = 1, . . . , M is defined in terms of the principle-specific allocation
difference for principle k = 1, . . . , K,

B
(k)
ij = V

(k)
i − W

(k)
j , (1)

where V
(k)
i is the analyst’s baseline allocation for principle k and W

(k)
j is the audience’s base-

line allocation for principle k. The overall baseline alignment for an analysis is defined via the
collection of principle-specific allocation differences across all principles, Bij =

(︂
B

(1)
ij , . . . , B

(K)
ij

)︂
.

The baseline alignment for an analysis represents the alignment that exists before the ana-
lyst and and audience meet and negotiate any possible adjustments (Figure 1). After the negoti-
ation stage, we define the analyst’s principle adjustments in the resolution stage, i.e. the change
in principle allocation from the baseline stage, as ϕ

(k)
i for analyst i and principle k. Similarly,

the audience’s principle adjustments are indicated as as θ
(k)
j for audience j and principle k.

Analyst

Audience

Analytic Negotiation

Analyst

Audience

Baseline Negotiation Resolution

ϕ
(k)
i

θ
(k)
j

Figure 1: Three stages of analytic design. At the baseline stage, the analyst and audience inde-
pendently allocate various principles based on their field-specific conventions and personal views
of the analysis. Next, the analyst and audience engage in stage of analytic negotiation, where
they discuss the proposed analysis and negotiate over how various principles will be allocated.
Finally, in the resolution stage, both analyst i and audience j adjust their kth principle alloca-
tions (ϕ(k)

i and θ
(k)
j , respectively) based on the results of the analytic negotiation.

In some cases, the analyst may not have an opportunity to interact directly with the audi-
ence to negotiate the principle allocations. In those cases, the analyst may obtain some indirect
understanding of the audience’s expectations for an analysis by doing some background research.
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Such background research may lead to an adjustment of the analyst’s principle allocations via
ϕ

(k)
i . However, the audience’s allocations will remain unchanged in the resolution stage (i.e.

θ
(k)
j = 0) because there was never any direct interaction with the analyst.

Next, given a B
(k)
ij , ϕ

(k)
i , and θ

(k)
j , we define the overall analysis alignment for principle k.

Definition 2 (Overall Analysis Alignment). For a given principle k, let B
(k)
ij represent the

baseline alignment between analyst i and audience j for principle k. Let ϕ
(k)
i and θ

(k)
j repre-

sent allocation adjustments made by analyst i and audience j , respectively, upon reaching the
resolution stage. Then the overall analysis alignment for principle k is defined as

D
(k)
ij = B

(k)
ij +

(︂
ϕ

(k)
i − θ

(k)
j

)︂
= B

(k)
ij + R

(k)
ij . (2)

The overall analyst-audience alignment for a given data analysis is then characterized by the
collection D

(k)
ij s for the entire set of K principles Dij =

(︂
D

(1)
ij , . . . , D

(K)
ij

)︂
.

In Equation (2) above, R
(k)
ij = ϕ

(k)
i − θ

(k)
j represents the “residual alignment adjustment” for

principle k made by the analyst and the audience after considering their baseline difference.

3.2 Measures of the Strength of Alignment of a Data Analysis
In this section we propose ways to measure the alignment of a data analysis pairwise between
the analyst i and audience j . For example, you could set some maximum distance, ε, and require
that all distances, D

(k)
ij , are less than that. Formally, we could refer to this as Strong Pairwise

Alignment (Definition 3). In constrast, you could consider whether the average distance across
all principles is less than some determined distance, ε. This would be a weaker form of analysis
alignment that allows for some differences in how the principles are allocated, but places a
limit on the total variation of those differences; we refer to this as Weak Pairwise Alignment
(Definition 4).

Definition 3 (Strong Pairwise ε-Alignment). A data analysis is strongly ε-aligned between the
pairing of analyst i with audience j if for some small ε > 0,⃦⃦

Dij

⃦⃦
∞ = max

k=1,...,K

⃓⃓⃓
D

(k)
ij

⃓⃓⃓
< ε.

The definition of strong pairwise alignment requires that the differences are never too large
for any given principle.

Definition 4 (Weak Pairwise ε-Alignment). A data analysis is weakly ε-aligned between the
pairing of analyst i with audience j if for some p ⩾ 1 and small ε > 0,

⃦⃦
Dij

⃦⃦
p

=
(︄

1

K

K∑︂
k=1

⃓⃓⃓
D

(k)
ij

⃓⃓⃓p)︄1/p

< ε. (3)

With this definition, the analyst and audience may differ slightly with respect to how each
principle is allocated, but the overall differences between analyst and audience must be small.
The choice of p here (and hence, the norm) will have an impact on how much deviation is
allowed between analyst and audience and how much any single principle may differ.
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3.3 Analyst–Audience Scenarios

In this section we present some examples of the implications of aspects of our model for analytic
alignment on the design of data analyses. We present a series of scenarios to demonstrate the
models discussed above. First, we will demonstrate three profiles of analyst/audience pairs:
(1) accommodating analyst—intransigent audience, (2) intransigent analyst—accommodating
audience, (3) design-focused analyst—design-focused audience. Assume for the moment that
N = M = 1 so that we have a single analyst and single audience member. In all three scenarios,
we reach alignment in expectation.

In the first scenario, the driving force is the intransigent audience, meaning they are inflexi-
ble with respect to updating their baseline expectations, in other words, θ

(k)
j = 0 for k = 1, . . . , K.

If the analyst is completely accommodating, meaning alignment is always achieved, ϕ
(k)
i = −B

(k)
ij

for k = 1, . . . , K. Similiarly, in the second scenario, the analyst is intransigent and therefore
ϕ

(k)
i = 0 for k = 1, . . . , K − 1 and θ

(k)
j = −B

(k)
ij for k = 1, . . . , K.

In the third scenario, we describe both the analyst and audience as design-focused, by which
we mean they are both motivated to improve the alignment of the data analysis and are willing
to negotiate over principle allocations. In this scenario, we can describe bounds for ϕ

(k)
i and

θ
(k)
j . In absolute value, the analyst’s post-resolution adjustment coefficient, ϕ

(k)
i , is bounded by⃓⃓⃓

−B
(k)
ij

⃓⃓⃓
and 0 with the qualification that the strict equality with 0 only occurs when alignment

is achieved at baseline. Likewise, in absolute value the audience’s post-resolution adjustment
coefficient, θ

(k)
j , is bounded by

⃓⃓⃓
−B

(k)
ij

⃓⃓⃓
and 0, again with the qualification that the strict equality

with 0 only occurs when alignment is achieved at baseline.

4 Case Study
In this section we describe a case study of analytic alignment. The data were collected from 26
students enrolled in a undergraduate capstone course at Wake Forest University titled Seminar
in Mathematical Business Analysis. This course is designed for seniors who have majored in
a joint program between the Department of Statisitcal Sciences and the Business School. The
study was approved by the Wake Forest University Institutional Review Board (IRB00025295).

Students in the class were assigned to one of seven groups, each tasked with completing a
data analysis for an external client. The analysis questions that each of the groups addressed, as
well as information about the client, are shown in Table 1. The students were taught six principles
for designing a data analysis (D’Agostino McGowan et al., 2022) (clarity, exhaustive, data-
matching, reproducibility, second order, and skeptical) and given an initial problem statement
from their assigned client. The concept of alignment between the students (analysts) and the
audience (clients) was discussed in class. Each of the 26 students were first asked to allocate
each of the six design principles in the context of their assigned data analysis task to describe
how much relative time they would allocate to each one, resulting in baseline analyst allocations
of V̂

(k)
i for all i = 1, . . . , 26 and k = 1, . . . , 6. Subsequently, in class, students discussed these

baseline allocations with their group, estimating the group-specific allocation for each principle.
These two steps fall in the baseline stage of Figure 1.

The student groups were then asked to hold a meeting with their client where they discussed
the proposed principle allocations and received input on the client’s expectations (the analytic
negotiation). These discussions were held outside of class. Finally, the students reported a post-
negotiation set of allocations, taking into account both their initial allocation and the clients
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Table 1: Group analysis questions and clients.

Group Analysis Question Client

1 Which county-level, socioeconomic variables are most
highly associated with higher rates of alcohol-related
deaths?

Researcher

2 How much of an impact does a broken-down ride have
on the wait times of other rides in a Disney World park?

Data scientist

3 How accurately do first-year students predict the major
they ultimately graduate with?

University administrator

4 Create a dashboard detailing grant support for an
institute in the medical school

Grant manager

5 What are the factors that contribute to a university’s
peer ranking score in the US News yearly report?

University administrator

6 Which variables are most influential for predicting Space
Mountain wait time at Disney World?

Data scientist

7 What demographic information and clinical values predict
whether a child has primary or secondary hypertension?

Clinician

expectation, in the resolution stage, i.e. V̂
(k)
i + ϕ̂

(k)
i . We have included the resources used for this

class activity in the Supplementary Materials.
Figure 2 displays the principle allocation results for all students across all groups and prin-

ciples. Each row of panels represents a student group and each column of panels represents a
specific principle. Within each panel, there are two sets of points representing the students’ allo-
cations for each principle. The left group of points represents the students’ individual allocations
before meeting the client and the right point (connected via the lines) represents the group’s
collective allocation after meeting the client. In the left group of points, the blue circle represents
the group’s average pre-negotiation principle allocation.

The data in Figure 2 show variability both within and between groups, indicating differences
in how each group and its members perceived the importance of the design principles before and
after client negotiations. Assuming each group represents its member’s “field”, the differences
within group at baseline are captured by the left group of points in each panel. The differences
between groups, as indicated by the differences in the group means, may represent the differences
in the analyses themselves, as each group was assigned a different analysis task.

Table 2 shows the change in each group’s average principle allocations between the base-
line stage and the resolution stage. We see that most groups updated their allocations post-
negotiation by either increasing or decreasing them, potentially improving pairwise alignment.
For example, Group 5 decreased its allocation to the matching principle (−0.048) after the
negotiation phase but increased its allocation to the skeptical principle (0.038).

Due to the nature of this consulting class project, we assumed θ
(k)
j = 0 for j = 1, . . . , 7

and for each of the principles. That is, only the students would update their allocations in the
resolution stage; the seven clients’ baseline and resolution allocations would remain the same.
This is an example of the “accomodating analyst-intransigent audience” scenario described in
Section 3.3. Upon examining the data, it seems possible that groups 3 and 6 are a reflection
of the “intrasigent analyst-accomodating audience” scenario, as there were no changes between
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Figure 2: Principle allocations before and after analytic negotiation. Each point represents the
allocation assigned to the given principle by the analyst pre-negotiation (V (k)

i ) and post-analytic
negotiation (V (k)

i + ϕ
(k)
i ). The units on the y-axis represent the proportion of time allocated

by the analyst to that particular principle. Each line connects an individual’s pre- and post-
analytic negotiation principle allocation (i.e. each line represents a single analyst). The blue
point represents the agreed upon group-specific allocation, as described in Section 2.

their baseline and post-negotiation principle allocation values. It is worth noting that these two
groups worked with the same client for their project.

5 Discussion
In this paper, we propose a framework for characterizing the alignment of an analyst and an
audience in the development of a data analysis and demonstrated its use in a teaching case
study. This framework consists of a set of principles introduced earlier (D’Agostino McGowan
et al., 2022) and a model that explains potential variation in the allocation of these principles
for a given analysis. We define the alignment of an analysis as the matching of allocations
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Table 2: Change in average principle allocation between baseline stage and resolution stage, by
group.

Group Matching Exhaustive Skeptical 2nd Order Clarity Reproducibility

Group 1 −0.036 −0.048 0.003 0.093 −0.009 −0.003
Group 2 0.009 0.007 −0.017 0.006 −0.014 0.009
Group 3 0.000 0.000 0.000 0.000 0.000 0.000
Group 4 0.013 −0.031 −0.028 −0.027 0.013 0.059
Group 5 −0.048 −0.011 0.038 0.019 −0.009 0.011

Group 6 0.000 0.000 0.000 0.000 0.000 0.000
Group 7 −0.002 −0.022 −0.002 0.019 −0.007 0.013

across data analytic principles between the analyst and audience. Alignment can be obtained
via negotiation between the analyst and audience between the baseline and resolution stages of
analytic planning. In the development of machine learning models based on information learned
from data analysis, building in alignment with the appropriate audience can serve as an element
in getting users to adopt new technologies.

The case study described in Section 4 illustrates how elements of our model could be mapped
to numerical quantities that can be used to track analysts’ relative allocations to different prin-
ciples. The case study describes a classroom project where students developed baseline principle
allocations, conducted a negotiation with the client/audience, and then updated their principle
allocations in the post-negotiation phase. The data from this case study indicate a few interest-
ing aspects of our framework. First, from Figure 2, the wide variation in the individual principle
allocations at the baseline stage indicates that individual students were not necessarily aligned
with the client’s interests before meeting with them. For example, Group 4’s baseline alloca-
tions for the second order principle ranged from 0.05 to nearly 0.2. We can therefore infer that
discussion with the client and amongst the group members had some impact on the members’
principle allocations. Second, Table 2 shows that some groups, on average, had to make much
bigger changes in their principle allocations than other groups, suggesting that some groups
began with much greater baseline misalignment. For example, Group 1 had to make some large
changes to their allocations for data matching, exhaustive, and second order. The data in Fig-
ure 2 and Table 2 present numerical evidence that initially, analysts can be far apart from each
other regarding which aspects of an analysis deserve more emphasis than others. An area for
future work might be to develop a better understanding of this baseline misalignment and iden-
tifying what predictors might explain this variation. Section 2 proposes some potential factors
for both the analyst and the audience that may be worth considering.

Considerable literature to date has documented the lack of replication of significant findings
in the medical and social sciences (Wen et al., 2018; Coiera et al., 2018; Coiera and Tong, 2021;
Valentine et al., 2011; Open Science Collaboration, 2015; Dreber and Johannesson, 2019). The
proposed reasons for this replication crisis include publication bias, perverse incentives, ques-
tionable research practices, and insufficient education (Edwards and Roy, 2017; Nosek et al.,
2012; Van Aert et al., 2019; Franco et al., 2014; Moonesinghe et al., 2007; Artino Jr et al.,
2019; Simmons et al., 2011; Gigerenzer, 2018). Recommendations for addressing this problem
range from increasing training to constraining research degrees of freedom (Gelman and Loken,
2014; Nosek et al., 2018) to outright banning of specific analysis practices (Schirm et al., 2019;
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Hand, 2022). While some of the proposed recommendations address the human element to doing
data analysis, none of them recognizes the role of the audience in the design of data analyses.
The literature on statistical consulting stresses the importance of communicating statistics to
clients (Cabrera and McDougall, 2013) and the need to develop an understanding of the under-
lying nature of the scientific question (Hand et al., 2007). While the concept of alignment seems
clearly embedded in these recommendations for consulting, no explicit framework for alignment
is proposed.

A key point that we raise in this paper is the need for analyses to be designed properly
in order to characterize their usefulness. Because the usefulness of an analysis varies between
potential audiences of an analysis, there is a need to involve the audience in the design of the
analysis itself. Seasoned practitioners of data analysis will likely recognize this aspect of data
analysis, as often there is an initial consultation that occurs where the specific requirements of
an analysis are negotiated (Kimball, 1957). We propose that such requirements can be driven by
an underlying set of design principles and that negotiating agreement on how to allocate those
principles to a given analysis is important for making an analysis useful. The data presented in
Section 4 suggest that the alignment framework can serve as a teaching tool for students learning
about the data analysis process. A broader point that we raise here is the value of externalizing
aspects of a data analysis that might otherwise be implicit in the analysis process. Having a
concrete representation of the alignment between analyst and audience provides a reference for
future iterations of the analysis or for future analysts that might address the same problem.

The presentation we have taken is formal, mathematically speaking, because we believe
the formalism can lead to valuable insights. For example, it allows for a precise statement of
what it means for an analysis to be aligned between audience and analyst. Looking to the
future, this mathematical formalism could provide a road map for developing approaches to
estimating parameters we have specified from data, such as data analytic reports or papers. For
example, the tidycode package (D’Agostino McGowan, 2019) already allows for the automatic
processing and classification of R code into data analysis activities using crowd-sourcing or
pre-specified lexicons. Additionally, formalizing the mathematical framework for negotiation
between analyst and audience allows us to leverage tools such as artificial intelligence, both
for wide-spread pedagogical use as well as the study of how analysts and audiences interact in
various environments. Our hope is that the mathematical model presented here serves as a solid
foundation on which to build future knowledge about data analysis.

This framework suggests a potential mechanism to investigate the ways in which the de-
velopment of a data analysis could fail. Specifically, a lack of alignment between analyst and
audience could be an important failure mode for a data analysis and that consideration of align-
ment in the early stages could help to clarify the requirements of an analysis. Although there are
numerous descriptions of failed data analyses (Baggerly and Coombes, 2009), specific definitions
of how data analyses can fail, with detailed discussions of potential root causes, are lacking in
the literature. Learning from failed data analyses is an important aspect of the training of any
data analyst and the first step in that process is identifying when failure has occurred. Dialog
between the analyst and the audience about why a data analysis has failed can improve the
quality of future analyses, as well as improve the quality of the relationship between analyst
and audience. Critical to such “post-mortem” discussions is that it be conducted in a blameless
manner (Parker, 2017) so that analyst and audience can quickly come to a resolution over how
problems should be fixed.

Our approach to characterizing data analysis failures shares many elements with the field
of design thinking in its approach to building a solution matched to a specific audience (Cross,
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2011). In some ways, one could think of a data analysis as a kind of “product”, in the sense
that it is not a naturally occurring object in nature. As such, someone—the analyst—must
design the analysis in a manner that makes it useful to the audience, or is aligned with the
audience’s expectations and needs, much like any designed product. While the audience could
be one individual or a group of individuals, each individual audience member plays a critical role
in evaluating the quality of a given data analysis. Each audience member evaluates the quality
with their own preconceived notions, characteristics, and biases towards valuing what makes a
good or bad analysis (Wild and Pfannkuch, 1999).

Our work overlaps with the expanding literature on best practices in statistical consulting.
For example, Maimone et al. (2024) discuss the skills needed for data science consulting teams,
including making tacit knowledge explicit, having difficult conversations (for example, with col-
laborators), and learning for diverse experiences. Successfully negotiating alignment between
analyst and audience likely requires each of these skills. Rubio et al. (2011) discuss metrics
used by the Biostatistics, Epidemiology, and Research Design cores of the National Institutes
of Health’s Clinical and Translational Science Awards. The metrics cover a range of domains
including “development and maintenance of collaborations with clinical and translational sci-
ence investigators.” The framework of alignment described in this paper could be adapted as a
collaboration metric to monitor the progress of statistical consultations.

Our definition of alignment in data analysis depends solely on the participants—the an-
alyst and the audience—and the outputs of the data analysis. In theory, one could calculate
the pairwise alignment of an analysis with just those elements. Critically, we do not consider
events or information that occur outside the analysis or perhaps in the future. For example, an
analysis may make certain conclusions based on the evidence available in the data that are later
invalidated by more in-depth analysis (perhaps with better data). We do not therefore conclude
that the original analysis was by definition a failure. At any given moment, an analysis can only
draw on the data and evidence that are available. It therefore seems inappropriate to judge the
alignment of a data analysis based on information that were not accessible at the time.

Supplementary Material
In the supplementary materials we provide the lecture slides used for the case study and the
code and data used for the analysis in Section 4.
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