
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

Heterogeneous Uncertainty: The Impact ofQuantitative andQualitative
Uncertainty in Data Pipelines

ANONYMOUS AUTHOR(S)

0 m

120 m

240 m

360 m

480 m

600 m

720 m

840 m

960 m

1080 m

1100 m

1220 m

1340 m

1460 m

1680 m

1800 m

1920 m

2040 m

2160 m

2280 m

2400 m

2520 m

2600 m

Di
p


Ma
gm
ati
c


foli
ati
on

Brit
tle

Cry
sta

l

pla
stic

Vei
ns

120 m

Good

Fair

Undocumented

Poor

Image Quality

A

 CMTA-1591

 CMTA-1591

 CMTA-1592

Fair

Good

Noisy

Verify

0 m

120 m

240 m

360 m

480 m

600 m

720 m

840 m

960 m

1080 m

1100 m

1220 m

1340 m

1460 m

1680 m

1800 m

1920 m

2040 m

2160 m

2280 m

2400 m

2520 m

2600 m

Mineral Map 

Quality

Data Quality Flags Across the Core Data Annotations and Interactive Checks 

HiCa‐Pyroxene 

in Fe-bearing glass 

Fe‐bearing 

Olivine

Compare spectra?

IgnoreOpen

Possible Mineral Missclassification

Image Quality

Poor

C

D

Fig. 1. Presenting system and sensor-based error. (A) An overview of data quality flags for the entire dataset where one core section
is selected and viewed with mineral map. (B) A data quality flag for the opened core section. (C) Annotations of the mineral map.
(D) Annotations for a region of the mineral map where a mineral may have been misclassified. Overview and selected core section
possess axes showing depth where the section was drilled.

Effective reasoning about uncertainty remains challenging for scientific and machine learning (ML) communities in part due to its
heterogeneity. Multiple sources of uncertainty contribute to imprecision in downstream analysis, yet existing approaches often bucket
these distinct sources into a single measurement. This paper argues for more nuanced treatment of heterogeneous uncertainty in
research and data pipelines. Through a case study of a large-scale, collaborative geophysics research project, we document the sources
of heterogeneous uncertainty and identify how they contribute to “research debt”. We present an initial exploration of how these
heterogeneous sources of uncertainty might be communicated beyond aggregate encodings, and demonstrate that doing so can offer
greater transparency for downstream analysis.

CCS Concepts: • Data Science → Uncertainty; • User Interviews→ Subject Matter Experts.
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1 INTRODUCTION

Including notions of uncertainty in lay communication, scienti�c discourse, and even machine learning explanations has

received increasing attention [36, 37, 62]. Data visualization plays a key role in this work as uncertainty communication

has a rich history in the data visualization research community [37, 63, 65, 66]. But the scope and nature of this work is

often limited to a particular framing of uncertainty; in seeking to e�ectively communicate and understand uncertainty,

information about its underlying nature is often lost. As Skeels et al. [77]point out, uncertainty is complex, multifaceted,

and not always quanti�able, making it di�cult to compute. Similarly, this variability introduces unique challenges to

uncertainty visualization.

Heterogeneousuncertainty�wherein multiple sources of ambiguity contribute to the overall uncertainty of a system

or model�o�ers a clear example of this di�culty. When uncertainty is presented visually, it is most frequently through

a singular, cumulative encoding, such as in the height of an error bar or boxplot [64], an animation [1, 21], the width of

a line chart's ribbon [65], or text and glyphs on or near a graph [7]. These binned encodings are visually simple not just

for readability, but also because of the form of uncertainty we as a community have focused on: total uncertainty, a

quanti�ed, numerical value representing an apparently complete measure of data's ambiguity. Yet as [42] describe, the

�drive to reduce uncertainty can lead to unwarranted expressions of certainty.� Even when uncertainty arises across

a data pipeline [66], this underlying heterogeneity is not often communicated, introducing potentially misleading

abstractions.

For the visualization community, the absence of work navigating complex, heterogeneous uncertainty may be tied

to insu�cient examples where heterogeneity exists and requires unique treatment. Uncertainty is well-described

in its potential introduction along a data pipeline, but most examples illustrating uncertainty provenance are not

comprehensive to one dataset. To this end, we demonstrate the ways in which heterogenous uncertainty arises and

might be communicated through a case study of a large, collaborative, scienti�c dataset of drilled oceanic core samples.

The dataset is part of a collaboration with a multi-national, large-scale geophysics research project [3], and contains

multiple sources of uncertainty that necessitate expert discourse. We detail four such sources of uncertainty within the

dataset, contextualized by interviews with expert stakeholders, supporting the need for more extensive approaches

to uncertainty communication. These touch on stochastic and epistemic uncertainty, algorithmic and interpolation

uncertainty, and experimenter bias. Our work aims to explorehowandwhat uncertainty measures might be presented

to di�erent stakeholders. Finally, we re�ect on our �ndings and describe potential trade-o�s di�erent communities face

regarding heterogeneous uncertainties. We argue that by providing more �surface��more levels, measures, and facets

of uncertainty�to interact with and query against, knowledge is extended.

2 RELATED WORK

2.1 Types of Uncertainty

Uncertainty arises from �incomplete information� about data, systems, models, or simply the state of the world [44]. It

confounds stakeholders, introducing ambiguity that must be rationalized or reduced to ensure better decision-making.

A number of frameworks and taxonomies of uncertainty have been proposed across a range of di�erent domains,
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including economics [75], statistics [31], life sciences [71], and medicine [28]. These taxonomies can be general, but are

more frequently domain-speci�c; at some point, practically every basic or applied research �eld will publish a review of

the particular forms of uncertainty they face. Targeted taxonomies help communities understand the implications of

speci�cuncertainties they must manage. This is useful because strategies for reducing uncertainty are shaped by the

type of uncertainty and the context of the task [84]. In contrast, generalized taxonomies o�er broad direction but rarely

get into the minutia of underlying causes.

Within machine learning communities, uncertainty is often distinguished as either epistemic uncertainty (e.g., due

to an intrinsic lack of knowledge), or aleatoric uncertainty (e.g., natural variation) [61]. These distinctions are not

overly descriptive, and uncertainty taxonomies often take a step further in characterizing uncertainty's complexity.

For example, Smithson [78] and Han et al [28] both propose variants of a three-dimensional taxonomy in detailing

uncertainty that arises when information is characterized by probability (e.g., stochasticity), ambiguity (e.g., multiple

interpretations of a single event or variable) or vagueness (e.g., imprecision or fuzziness in de�nitions or measurement).

Other taxonomies describe uncertainty as it arises when progressing through an analysis pipeline.

For example, Pang et al. [66] explored where uncertainty may be introduced along a visualization pipeline�from

measurements, data transformations, models, and even the visualization process. In the visualization literature, com-

monly cited types of uncertainty include error, accuracy, precision, validity, quality, variability, noise, completeness,

con�dence, and reliability [19]. Skeels et al. [77] classi�ed uncertainty similarly, but added two unique measures to the

list: measurement precision, completeness, inferences,credibility, anddisagreement.

Uncertainty has multiple working de�nitions. For some domains, the term references quanti�able, measurable

ambiguity. But uncertainty as de�ned by �incomplete information� can also be subjective, di�cult to abstract into a

concise measurement. Popular frameworks for uncertainty rarely addresses this qualitative form of uncertainty directly,

but there are some exceptions. McCurdy et al. [57] coined the term �implicit error� to describe a type of measurement

error not explicitly recorded or communicated, but inherent to an expert's interpretation of data. Through a disparately

collected, heterogeneous public health dataset, McCurdy et al. [57] noted that many data discrepancies are oftennot

re�ected in a dataset. Instead, this unrecorded error is accounted for qualitatively by experts during analysis, based

on their implicit domain knowledge. McCurdy et al. [57]'s two-part formalized framework details characteristic traits

of implicit error�source, type, magnitude, direction, con�dence, and extent of the error�and proposes a method to

uncover these traits via domain expert interactions. Their work highlighted the value of externalizing implicit error for

supporting more e�ective data analysis, despite the di�culty faced in capturing it. Ultimately, implicit error is pervasive

in all data, as the simple act of observation�automated or not�is informed in some way by the observer.

2.2 Machine Learning and Uncertainty

Recent work within the machine learning community has discussed how di�erent sources of uncertainty may have

unique implications for model outputs [20]. Thus far, this work has been limited to di�erences between mislabeled

(noisy) data, and unique, poorly represented data. But uncertainty is a growing question for the machine learning

community, and has been related to questions of model transparency and appropriate trust [4].

Machine learning (ML) models are historically poor self-evaluators, tending to be over con�dent when incorrect�a

result of miscalibrated uncertainty measures and under-speci�cation [17]. As a result, recent work has explored models

that self-report and self-calibrate uncertainty measures [46, 47, 67]. Recognizing sources of uncertainty in these contexts

is a key to uncovering the causes for model overcon�dence.
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Bias, a speci�c form of uncertainty, has been a common thread in machine learning fairness research. This work tends

to emphasize the �human� sources of bias as these can cause discriminative harm when magni�ed by a model [12, 69].

Such bias is di�cult to accurately assess, and ML researchers outside fairness instead tend to focus on uncertainty as it

relates to probabilistic outcomes and model accuracy. This is changing as the community recognizes that deployed

modelsfail when implications of human bias are not considered carefully enough [40], but work separatingheterogeneous

uncertainties in modeling contexts�bias, error, and beyond�remains limited.

2.3 Uncertainty Visualization and Analysis

The responsibility of not only understanding where uncertainty exists, but alsohowto communicate it falls largely on

researchers and journalists. Despite broad recognition of the need to include measures of uncertainty in visualizations,

many authors are hesitant to do so�for example, in Hullman's 2019 study on uncertainty visualization authorship (which

used a visualization-literate convenience sample), nearly half of respondents admitted to considering but ultimately not

including uncertainty measures in their charts [36].

There are multitude of reasons why visualization authors avoid portraying uncertainty in their work. Hullman[36]

describe concerns for chart comprehensibility, the quality of a reader's experience, the risks of wrongly encouraging

data distrust, and the limited number of high-quality uncertainty visualization examples. Even when uncertainty is

presented visually, it is often through a singular, cumulative encoding, such as in the height of an error bar or boxplot

[64], an animation [1, 21], the width of a line chart's ribbon [65], or text and glyphs on or near a graph [7]. The nature

of these visual artifacts hints at the balancing act visualization authors face in communicating uncertainty�they must

weigh the relative trade-o�s of a graph's comprehensibility with the desire to communicate nuance. These binned

encodings are visually simple not just for readability, but also due to the uncertainty we as a community have focused

on: total uncertainty, a quanti�ed, numerical value representing an apparently complete measure of data's ambiguity.

Yet as Kale et al. [42] describe, the�drive to reduce uncertainty can lead to unwarranted expressions of certainty, which has

consequences for decision-making individually and at an organizational level.�

2.4 Technical and Research Debt

Technical debt refers to the long-term costs of allowing insu�cient artifacts within systems to remain [10, 45]. Histori-

cally, the term was used when convenient decisions in the short-term led to downstream �debt� that developers must

pay back either through extra work or loss of product quality and functionality. Machine learning (ML) systems are

particularly sensitive to hidden technical debt as developers must cope with both traditional code maintenanceanddebt

accumulated as a feature of ML data dependencies [74]. Modeling-speci�c debt can be di�cult to detect because it exists

at system and organization levels, rather than in code. Incurring debt�by not refactoring code, minimally considering

training data, forgetting documentation, or allowing unnecessary dependencies�may expedite development at �rst,

but at the expense of compounding work in the future. For modeling, this debt can be hidden, compounding silently

overtime.

Here, we use the termresearch debtin reference to decisions and artifacts within a data pipeline which also incur

debt but with the added complexity that such debt may lead to imprecise or skewed scienti�c �ndings�a challenge

exacerbating the �replication crisis� within research, where scienti�c results are found to be unreproducible [51, 52].

Reproducibility problems are often blamed on researchers' communication of procedure and analysis. However, the

lack of tools supporting deliberation of alternative decisions or contextualizing ambiguity may also be blamed [42].

Software development has established best practices to mitigate technical debt, but these are not so clear in data work.
Manuscript submitted to ACM
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Heterogeneous Uncertainty: The Impact of Quantitative and Qualitative Uncertainty in Data Pipelines 5

Researchers must reason with heterogeneous uncertainty when developing conclusions. This uncertainty, when not

mitigated appropriately, is a form of technical debt accumulated over the course of collection, analysis, and modeling.

3 PROBLEM DOMAIN AND BACKGROUND

There are many moving parts to manage within large, collaborative research projects, each contributing to the complexity

and introducing new sources of uncertainty researchers must contend with. For this reason, these collaborative projects

are ideal case studies for understanding heterogeneous uncertainty across data pipelines.

We explore heterogeneous uncertainty from the framing of one such collaboration, the ICSDP Oman Drilling Project

(OCDP). OCDP is a scienti�c research collaboration studying how the oceanic crust was formed. The project was

funded to recover and analyze 3.2 km of earth core�cylindrical rock drilled and removed from the earth�recovered

from the �Rosetta Stone of complex tectonic settings�, a region in Oman where rock that was once ocean �oor and

upper mantle and has since been thrust up through the continent [38, 70]. Multiple types of data were collected, each

helping researchers understand the geological events involved in the crust formation. The datasets are used to map

minerals within the earth at di�erent spatial resolutions.

Multiple methods of data collection were conducted to analyze rock composition, including: building detailed core

descriptions ( Figure 2D); physical sampling ( Figure 2C); and X-ray, CT, and microspectroscopy scanning across the entire

drilled core ( Figure 2A, D). Of these methods, time-intensive compositional analyses such as thin section petrographic

analysis (small physical samples viewed under microscopes for close, detailed descriptions shown in Figure 2C and

X-ray di�raction were collected in areas of high interest. These samples act as ground truth for the portion of the core

they were removed from, but they are not collected contiguously across the entire core. In contrast, the microspectral

images are taken for every core section�creating a comprehensive view of all3”2:< of drilled earth�and are used to

create �mineral maps� showing which minerals are present in a given core section. By referring to the spectral mineral

maps, a geophysicist can interpolate mineral composition between physical samples. Core descriptions are critical

to geological research, acting as an overview to direct research initially. Dozens of researchers collect, analyze, and

publish on the Oman core data, many with di�ering agendas and data needs [23, 26]; here, we focus on the work and

data interrelated to spatially-resolved re�ectance spectra collected across the entirety of the drilled core sections.

4 METHODS

Over a span of six months, we conducted forty-eight unstructured and semi-structured interviews, participatory

and co-design processes, interactive work�ow observations, cognitive walk-throughs, and think-aloud sessions with

hyperspectral and geophysics researchers. These sessions focused on the challenges researchers faced in their current

work�ows and analysis software. Sessions were recorded via audio, video, or careful notes. Recordings were transcribed,

and thematic analysis was initially conducted to synthesize �ndings. We do not report our �ndings from this initial

thematic analysis as many of these themes relate to systems requirements. Instead, we explore a common thread across

interviews: uncertainty, in its many forms.

We group heterogeneous uncertainty uncovered in our interviews through light coding and our own expertise.

In section 5, we describe sources of uncertainty speci�c to Oman Core. As part of our documentation process, we

illustrate the nuance of disparate sources of uncertainty and how they may�in some cases�necessitate distinct forms

of presentation and counteracting measures to avoid compounding research debt. We generalize our �ndings to the

broader scienti�c and machine learning communities. Finally, we present a selection of initial exploratory interface and
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Fig. 2. Examples of data types used by Oman core researchers [26, 43]. (A) Depiction of HSI data for a singe section: (X, Y) represents
pixel location, spectral bands are mapped to Z. An example spectral graph is shown with absorption features of minerals. (B) An
RGB image and associated mineral map built with HSI data. (C) Petrographic thin section and section where it was extracted. (D)
Abbreviated view of a core description log.
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