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1 Introduction
This document records an interactive session in which a large-language-model assistant was
used to design a visual analytics (VA) workflow for analysing spatio-temporal patterns in public
bike-sharing data. The session proceeded in several steps: the assistant was first provided with a
workflow description language and a library of published VA workflows; the user then described
the analytical goals; and the assistant proposed, refined, and documented a complete workflow,
drawing on relevant examples from the library.

Each subsection below corresponds to one conversational turn. The user’s prompts are quoted
verbatim in shaded boxes; the assistant’s responses are summarised in the text that follows.

2 Step 1: Providing the Workflow Language Definition

User prompt:
The attached document contains a definition of a language called ATWL designed for

representation of visual analytics workflows. You need to understand the language concepts
and semantics it is meant to express, and also the syntax used for expressing the semantics.
In the next step, you will be given a “library” of VA workflows extracted from published papers.
Your task will be to help a user to design a workflow for achieving user’s goals by finding
relevant examples in the “library” and suggesting how they can be adapted to the user’s case.

The assistant confirmed its understanding of the ATWL language by summarising its main
concepts:

• Eight artifact types: entities, feature, arrangement, visualisation, pattern, model,
knowledge, and specification.

• Eight transform intents: define-unit, characterise, contextualise, visualise, abstract,
build-model, generate-knowledge, and assess.

• Control structures: loops with implicit or explicit termination conditions, conditionals,
and assignment for iteration.

• Workflow structure: a header with an optional template summarising analytic stages,
forming a directed acyclic dependency graph (with explicit loop assignments as the only
exception).
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3 Step 2: Providing the Workflow Library

User prompt:
I have attached an additional file with the workflow library. You can perform initial

analysis for revealing reusable and adaptable parts.

The assistant performed a systematic analysis of all 17 workflows in the library. The results were
organised along several dimensions.

Workflow index. A table cataloguing each workflow by data type and primary analytical
goal was produced, covering domains from regular time series and movement trajectories to text
documents and trained machine-learning models.

Reusable building blocks. Eight recurring structural blocks were identified across the library:
A. Temporal partitioning into episodes — segmenting time series into fixed or domain-

driven windows (found in Workflows 1.1, 1.2, 1.9, 1.12).
B. Iterative clustering with visual assessment — the single most common block, appear-

ing in eight workflows. A loop of clustering, summarisation, visualisation, and parameter
adjustment.

C. Dimensionality-reduction projection — characterising entities as vectors, projecting
into 2D, and visualising as a scatterplot (Workflows 1.2, 1.8, 1.12, 1.15).

D. Iterative model building and refinement — fitting a model, evaluating through
residual or prediction analysis, and refining (Workflows 1.10, 1.11, 1.12, 1.13).

E. Multi-level interactive exploration — navigating, filtering, and drilling down through
levels of abstraction (Workflows 1.14, 1.15, 1.16, 1.17).

F. Feature engineering loop — iteratively refining feature computation within the analytical
loop (Workflow 1.12).

G. Spatio-temporal aggregation — aggregating by place and time interval (Workflows 1.3,
1.6, 1.11).

H. Terminal knowledge synthesis — the final abstraction and knowledge-generation step
present in all 17 workflows.

Structural archetypes. Five workflow archetypes were identified: (I) Cluster–Contextualise–
Explore–Interpret; (II) Progressive Refinement through Successive Questions; (III) Iterative
Model Building and Validation; (IV) Model Understanding and Diagnostics; (V) Simplify–
Explore–Recommend.

Cross-cutting patterns. Several patterns spanning multiple workflows were noted, including
dual-loop refinement, specification-driven iteration, coordinated multi-view assessment, pro-
gressive abstraction, hypothesis-driven verification, residual-based refinement, and two-stage
clustering.

Quick-reference table. A mapping from common user goals (e.g., “find temporal patterns,”
“build a predictive model,” “diagnose an existing ML model”) to relevant library workflows and
building blocks was provided.

2



4 Step 3: Describing the Analytical Goals

User prompt:
I have data about use of public bikes in a city. The records represent trips: bike ID, origin

place and time, destination place and time. The origin and destination places are docking
stations distributed over the city. The coordinates and capacities of the docking stations are
given. In many popular places, there are multiple docking stations clustered close to each
other. I need to analyse the spatio-temporal patterns of taking and returning bikes. I am
especially interested in revealing patterns of stations running out of available bikes and stations
overcrowded with returned bikes. The patterns are expected to be related to the diurnal and
weekly cycle as well as seasons and holidays. I think, the analysis should be done not at the
level of individual stations but at the level of “places” containing groups of spatially close
stations. Based on my analysis, I want to develop a model that will tell me for any given date
and time of the day how bikes should be allocated/relocated in order to satisfy the demands
and avoid overfilling of stations.

The assistant identified the most relevant library workflows for each aspect of the user’s goals
(Table 1) and produced a complete workflow specification in the ATWL language. The workflow,
fully shown in Appendix A, was organised into six phases:
Phase 0: Define places by spatially clustering docking stations.
Phase 1: Aggregate trip data into place-level time series and compute availability.
Phase 2: Discover temporal demand-supply patterns by clustering days and visualising results

on a calendar.
Phase 3: Identify and analyse critical events (shortages and overcrowding).
Phase 4: Build predictive demand-supply models with residual-based refinement.
Phase 5: Develop and validate an allocation/relocation strategy through simulation.

A concluding Phase 6 synthesises all findings into actionable knowledge. Table 1 summarises
which library workflows and building blocks informed each phase.

Table 1: Mapping from user goals to library workflows and reusable blocks.
Phase User Goal Sources Adapted Blocks

0 Group stations into places 1.6, 1.3 Spatial clustering loop
1 Aggregate to place-level series 1.11, 1.6 Spatio-temporal aggregation
2 Discover diurnal/weekly/seasonal patterns 1.1, 1.3, 1.9 Day profiling, clustering, calen-

dar
3 Reveal shortage & overcrowding 1.6 Event extraction, contextualisa-

tion
4 Build predictive model 1.11, 1.10 Residual-based model refinement
5 Develop relocation strategy 1.5 Prescriptive plan-tuning loop

5 Step 4: Natural-Language Workflow Description

User prompt:
This is great. Now assume that the user is not familiar with ATWL. Represent the

recommended workflow in natural language. Include references to papers where the user can
see relevant examples and specify which fragments or aspects of the referred workflows are
relevant.
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The assistant produced a detailed natural-language description of the six-phase workflow, written
for a reader with no knowledge of ATWL. Each phase was presented as a subsection with two
parts: What you do (step-by-step instructions in plain English) and Where to find relevant
examples (pointers to specific published papers with annotations of which fragments are most
relevant).

The key elements of the description are summarised below.

Phase 0 — Defining places. Spatially cluster nearby docking stations into “places” using a
distance-threshold algorithm; display results on a map; iteratively adjust parameters until places
are spatially coherent and at an appropriate granularity. The iterative spatial-clustering loop
with visual assessment on a map follows the approach of Workflow 1.6 [1], while the idea of using
quality metrics to guide aggregation parameters is drawn from Workflow 1.3 [10].

Phase 1 — Aggregation. For each place and hourly interval, count bike takes and returns,
compute net flow, directed inter-place flows, running availability, and occupancy rate. This
spatio-temporal aggregation step producing one time series per spatial unit follows Workflow 1.11
[2]; the additional aggregation of inter-place flows follows Workflow 1.6.

Phase 2 — Temporal pattern discovery. Partition all place-level time series into daily
episodes; represent each day by its hourly demand-supply profile across all places; hierarchically
cluster days by profile similarity; display clusters on a calendar view coordinated with profile
line graphs, place-level heatmaps, and flow-map thumbnails. Interpret and label clusters (e.g.,
“regular weekday,” “summer weekend,” “public holiday”). Iterate on the number of clusters and
distance measure until the decomposition is clear and interpretable.

The core logic of day clustering with a calendar view and profile line graphs comes directly
from Workflow 1.1 [9]. The extension to flow data with calendar-positioned thumbnails is adapted
from Workflow 1.3. The progressive-abstraction strategy for multivariate temporal data draws
on Workflow 1.9 [4].

Phase 3 — Critical events. Define shortages and overcrowding as episodes where occupancy
crosses domain-defined thresholds; extract all such episodes; aggregate by place, day type, and
hour; visualise on a map with glyphs and on a calendar heatmap; interpret spatial complementarity
(e.g., morning shortage at residential places paired with overcrowding at business-area places).
The event-extraction and spatio-temporal-aggregation approach follows Workflow 1.6.

Phase 4 — Predictive modelling. Group places by demand-similarity; identify temporal
components (diurnal, weekly, seasonal, holiday); fit seasonal time-series models with multiple
cycles; overlay model curves on data; iteratively refine via residual analysis. The full modelling
loop—grouping, representative derivation, model fitting, visual comparison, and residual-based
evaluation—follows Workflow 1.11. The structured residual-based feature-discovery loop is
complemented by insights from Workflow 1.10 [8].

Phase 5 — Allocation strategy. Formulate an optimisation model for bike distribution given
predicted demand; validate by simulating recommendations on historical dates sampled from each
day-type cluster; visualise actual vs. recommended critical-event counts; iterate on allocation
criteria until improvement is satisfactory. The prescriptive plan-specification, impact-estimation,
and refinement cycle follows Workflow 1.5 [7].

Phase 6 — Knowledge synthesis. Integrate all findings: named demand-supply pattern
types and their calendar distribution; critical-event patterns with causal flow explanations;
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predictive models with documented accuracy; and validated allocation recommendations with
operational guidance.

6 Step 5: LATEX Formatting

User prompt:
Transform this text to Latex format to be included as a section in an existing Latex

document.

The assistant converted the natural-language workflow description into a LATEX section with
subsections for each phase, using \paragraph{} for sub-steps, itemize and enumerate environ-
ments for lists, a summary table (tabularx with booktabs), and \cite{} commands for all
paper references. Suggested BibTEX entries for all cited works were also provided.

7 Step 6: Workflow Diagram

User prompt:
It would be good to generate also a graphical representation of the workflow as a flow

diagram, perhaps, at a higher abstraction level to facilitate readability and understanding. For
example, it may be a figure generated using tikz package of Latex. From my prior work, I have
the following Latex definitions, which you can use if suitable:

\tikzset{
artifact/.style={rectangle, draw=black, thick,

fill=blue!10, ...},
transform/.style={ellipse, draw=black, thick,

fill=green!10, ...},
human/.style={artifact, fill=orange!10,

line width=1.5pt},
loop/.style={draw, dashed, inner sep=0.5cm, ...},
arrow/.style={-Stealth, thick}

}

The assistant generated a full-page TikZ figure presenting the workflow at a high abstraction level.
Green ellipses represent computational transforms, bold-bordered orange rectangles represent
human assessment steps, and blue rounded rectangles represent data artifacts passed between
phases. Dashed borders and feedback arrows indicate iterative phases. Phases 3 and 4 were
placed side by side to convey their structural independence.

8 Step 7: Diagram Refinement

User prompt:
The screenshot shows how the figure looks like in a compiled PDF. Please improve the

placements of labels and arrows to avoid overlapping and slanted arrows where they could be
straight.
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Based on a screenshot of the compiled figure, the assistant identified and corrected several layout
issues:

• Overlapping phase labels: labels were moved from external anchors on the box border
to dedicated nodes inside the fitted region, ensuring automatic enclosure with adequate
padding.

• Slanted branch arrows (Phase 2 output to Phases 3 and 4): replaced with orthogonal
routing using a vertical connector to a branch-point coordinate, followed by horizontal-
then-vertical paths (-|).

• Slanted merge arrows (Phases 3/4 outputs to Phase 5): replaced with orthogonal routing
using vertical-then-horizontal paths (-|) converging at a merge-point coordinate.

• Junction indicators: filled dots added at branch and merge points.
• Feedback arrows clipped by box borders: bottom phantom coordinates pushed further

below the node row to ensure loop-back paths are fully enclosed.
• Cramped vertical spacing: inter-phase gaps increased throughout.
• Parallel phases too close: horizontal centres of Phases 3 and 4 widened from ±3.15 to

±4.8 units.
The corrected diagram is shown in Figure 1.

9 Observations
Several aspects of the session are worth noting.

1. Reuse of library patterns. The final workflow draws on six of the 17 library work-
flows. No single library workflow covers the user’s needs, but the combination of building
blocks from multiple workflows—spatial clustering (Workflow 1.6), day-profile clustering
with calendar views (Workflow 1.1), temporal clustering of flow data (Workflow 1.3),
spatio-temporal modelling with residual evaluation (Workflow 1.11), residual-based feature
discovery (Workflow 1.10), and prescriptive plan-tuning (Workflow 1.5)—yields a coherent
end-to-end workflow.

2. Adaptation, not copying. In each case, borrowed fragments required non-trivial adapta-
tion: the spatial clustering loop from Workflow 1.6 was simplified (station locations are
given, not extracted); the day-profiling idea from Workflow 1.1 was extended to multi-place
matrices; the modelling loop from Workflow 1.11 was augmented with holiday and multi-
scale seasonal components; and the prescriptive loop from Workflow 1.5 was transposed
from event-sequence recommendations to fleet-allocation optimisation.

3. Iterative refinement of outputs. The session itself was iterative: the formal ATWL
specification was first produced, then translated into natural language with paper references,
converted to LATEX, augmented with a diagram, and the diagram was corrected after visual
inspection of compiled output. This mirrors the human-in-the-loop refinement loops present
in the workflow itself.

4. Diagram as communication aid. The high-level flow diagram (Figure 1) abstracts away
the detailed artifact dependencies of the ATWL specification and focuses on the phase
structure, iteration loops, and data flow. It serves a complementary role to the textual
description: the text explains what and why; the diagram shows how the parts connect.

10 Scenario 2: Advising a Diploma Student
The second scenario explored in this session illustrates a different use of the workflow library:
rather than designing a complete workflow from scratch, the goal was to help a student identify
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Given data: Docking Stations • Trip Records • Calendar & Domain Knowledge

Phase 0 — Define Places

Cluster
Stations

Visualise
on Map

Assess
Quality

Places (station groups)

Phase 1 — Aggregate

Aggregate Trips
by Place & Hour

Compute
Availability

Take / Return / Net Flow / Availability Time Series per Place

Phase 2 — Discover Temporal Patterns

Partition
into Days

Cluster
Days

Calendar &
Profile Views

Interpret
& Assess

Day-Type Clusters + Temporal & Flow Patterns

Phase 3 — Critical Events

Extract &
Aggregate

Interpret
Patterns

Phase 4 — Predictive Model

Group Places
& Fit Model

Residual
Assessment

Critical
Patterns

Demand–Supply
Model

Phase 5 — Allocation Strategy

Optimise
Allocation

Simulate on
History

Compare
Outcomes

Assess
Impact

Allocation / Relocation Model

Phase 6 — Synthesize

Synthesize
Knowledge

Findings, Predictive Models & Recommendations

Figure 1: High-level workflow for analysing bike-sharing spatio-temporal patterns. Green
ellipses represent computational transforms; bold-bordered orange rectangles represent human
assessment and decision steps; blue rounded rectangles represent data artifacts passed between
phases. Dashed phase borders and dashed feedback arrows indicate iterative loops with human-in-
the-loop refinement. Phases 3 and 4 are independent and may proceed in parallel; their outputs
converge into Phase 5. Black dots mark branch and merge junctions.
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relevant published examples and transferable ideas for a dissertation project. The full recommen-
dation is included in Appendix B; this section summarises the student’s proposal, the matching
process, and the key findings.

10.1 The Student’s Project Proposal

The student’s draft proposal described a planned dissertation on supporting the use of human
expert knowledge for improving financial forecasting through visual analytics. The central problem
motivating the project is what the student termed the semantic gap: forecasting analysts possess
rich causal domain knowledge (e.g., “marketing spend drives subscriptions with a two-week lag”),
but translating this knowledge into the technical feature-engineering decisions required by a
machine-learning model—selecting the right input variables (“drivers”), applying appropriate
transformations (lags, rolling averages, logarithmic scaling), and assessing the resulting model—is
cognitively demanding and poorly supported by current tools.

The proposed research design comprises three main components:
1. A visual analytics tool that provides feedback to analysts during iterative driver selection

and transformation for a regression-type forecasting model. The tool computes statistical
relationships between candidate drivers and the target metric and presents this information
visually.

2. A controlled experiment with three conditions that vary the representational form of
the feedback while keeping the underlying statistical information constant:

• Condition A — tabular/numerical statistical feedback (relevance scores and accuracy
metrics as numbers);

• Condition B — visual statistical encoding (graphical displays of the same statistics,
making the shape of relationships perceptually accessible);

• Condition C — semantic visual encoding (the Condition B visualisations augmented
with domain-meaningful annotations, causal framing, and partial-effect displays in
business terms).

3. Mixed-methods evaluation combining quantitative outcome measures (forecast accuracy
measured by MAPE, number of iterations, time to convergence) with qualitative data
(inline justifications recorded at the moment of each driver-selection decision) to understand
not only whether richer visual representations improve outcomes but how they influence
the analyst’s reasoning process.

The core hypothesis is that the representational form—not the quantity of information—drives
the analyst’s ability to bridge the semantic gap, and that semantically enriched visual encodings
(Condition C) will lead to better driver selections, faster convergence, and more accurate forecasts
than purely statistical displays (Condition B) or numerical tables (Condition A).

10.2 Matching Library Workflows to the Student’s Problem

The student’s problem differs from the bike-sharing scenario (§4) in a fundamental way: the goal
is not to design a single end-to-end analytical workflow but to find design patterns, interaction
paradigms, and visualisation ideas that can inform the construction of an experimental VA tool
and the structuring of the experimental task. The matching was therefore performed at a finer
granularity—individual workflow fragments, visualisation designs, and interaction loops—rather
than at the level of complete phases.

Six workflows from the library were identified as relevant, each addressing a different facet of
the student’s project. The matching logic is summarised below and in Table 2.

The core analytical task. The student’s participants will iteratively select features and
transformations for a regression model—a task that is the explicit focus of the partition-based
regression workflow [8] (§B.2). Additionally, the feature-engineering loop with iterative refinement,
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coordinated multi-view assessment, and explicit feature-adequacy judgment from the behaviour-
pattern-recognition workflow [3] (§B.3) provides a structural template for the interaction flow.

Time-series context. The forecasting domain introduces temporal relationships (lagged
effects, cyclical patterns) that are absent from the generic regression setting. The spatio-temporal
modelling workflow [2] (§B.5) offers directly transferable visualisation designs: time-graph overlays
of model predictions on actual data, residual displays that reveal when the model fails, and visual
techniques for identifying periodicity and lag structures.

Human–system interaction. The semi-supervised refinement loop in the UTOPIAN topic-
modelling workflow [6] (§B.7) provides a conceptual model for how human domain knowledge
and computational optimisation can work together: the analyst injects qualitative guidance, the
system incorporates it as soft constraints, and visual feedback shows where human intuition
aligns with or conflicts with the data. This pattern maps directly onto the student’s scenario
where analysts inject causal hypotheses about drivers and need feedback on how well these
hypotheses are supported.

Model exploration. The exploratory model analysis workflow [5] (§B.9) offers a phase
structure (explore data → specify model → evaluate → diagnose → refine) that can serve as a
reference for structuring the experimental task flow, together with the concept of “analytical
direction”—the analyst’s evolving hypotheses about which variables and approaches are promising.

Feature-effect probing. The What-If Tool workflow [11] (§B.11) contributes interaction
mechanisms—partial dependence analysis, feature editing with immediate re-inference, and
counterfactual identification—that are directly applicable to the “what if I include this driver
with a different lag?” reasoning central to the student’s task, particularly in Condition C.

Prescriptive feedback loop. The EventAction workflow [7] (§B.13), although from a different
domain (temporal event sequences), provides the structural template for the tight plan →
outcome-estimation → assessment → refinement cycle that should underpin the interaction in
all three experimental conditions.

Table 2: Mapping from the student’s project components to library workflows.
Project Component Workflows Transferred Elements

Core analytical task (iterative feature se-
lection for regression)

1.10, 1.12 Feature relevance ranking; conditional-
distribution plots; feature-engineering loop;
feature-adequacy assessment [8, 3]

Time-series context (temporal driver–
target relationships)

1.11 Model-curve-vs-data overlay; temporal
residual displays; visual identification of
periodicity and lags [2]

Human–system interaction (knowledge in-
jection + feedback)

1.8, 1.12 Semi-supervised refinement loop; specifica-
tion artifacts for human guidance; coordi-
nated multi-view assessment [6, 3]

Model exploration and comparison 1.13 Explore → specify → evaluate → diagnose
cycle; analytical-direction concept [5]

Feature-effect probing (what-if reasoning) 1.17 Partial dependence; feature editing with
re-inference; counterfactuals [11]

Tight feedback-loop design 1.5 Plan → outcome re-estimation → visual
delta → refinement cycle [7]
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10.3 Key Differences from the Bike-Sharing Scenario

Comparing the two scenarios highlights different modes of using the workflow library:

1. Granularity of reuse. In the bike-sharing scenario (§4–5), entire workflow phases were
adapted from library examples and composed into a new end-to-end workflow. In the
student scenario, individual interaction patterns, visualisation designs, and loop structures
were extracted and repurposed as design guidelines for a tool that does not replicate any
single library workflow.

2. Domain transfer. The bike-sharing workflow drew primarily on workflows from cognate
domains (spatio-temporal analysis, movement data, time series). The student’s project
required transferring ideas across wider domain gaps—from topic modelling [6] and event-
sequence analysis [7] to financial forecasting—making the transfer more abstract (structural
patterns and interaction paradigms rather than concrete analytical steps).

3. Output type. The bike-sharing scenario produced a complete, executable workflow speci-
fication. The student scenario produced a set of design recommendations mapping library
patterns to experimental conditions, together with suggestions for how the progressive
enrichment of representational form (Conditions A → B → C) can be grounded in the
representational choices observable across the library workflows.

4. Matching criterion. For the bike-sharing scenario, workflows were matched by data type
and analytical goal (spatio-temporal patterns in movement data, time-series modelling,
prescriptive optimisation). For the student scenario, workflows were matched by interaction
structure and cognitive support mechanism (iterative refinement loops, residual-based
diagnosis, human–machine knowledge integration, what-if probing)—a more abstract level
of similarity.

These differences suggest that the ATWL workflow library can serve not only as a source of
composable analytical building blocks (as in Scenario 1) but also as a design pattern catalogue
from which interaction paradigms and visualisation strategies can be extracted and transferred
to new contexts (as in Scenario 2).

10.4 Contribution to the Student’s Experimental Design

Beyond identifying relevant workflows, the matching process yielded a concrete suggestion for
framing the three experimental conditions in terms of the library’s representational choices:

• Condition A corresponds to receiving only the raw computational output of the charac-
terise transforms—feature relevance scores and accuracy metrics presented as numbers—
without any visualisation.

• Condition B adds the visual statistical encodings found in Workflows 1.10 [8] and 1.11 [2]:
ranked conditional-distribution plots, model-curve overlays, and temporal residual displays.
The same information as Condition A is now presented in a form that makes patterns
(non-linearity, lag effects, interaction structures) perceptually accessible.

• Condition C further adds the domain-semantic framing observed in Workflows 1.12 [3]
and 1.17 [11]: causal annotations, labelled lag arrows, partial-effect displays in business
terms, and coordinated views that provide domain-meaningful context alongside statistical
summaries.
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This framing ensures that the three conditions vary only in representational form—not in
information content—which is the methodological requirement for testing the student’s core
hypothesis about the semantic gap.

An additional observation drawn from the library analysis is that the assessment step in
every iterative workflow loop (the moment when the analyst forms a quality judgment based on
the visual feedback) is precisely the cognitive juncture where the semantic gap is either bridged
or not. The student’s plan to collect inline justifications at the moment of each feature-selection
decision effectively captures this step, providing qualitative evidence of how the representational
form influences assessment quality. This connection between the ATWL loop structure and the
experimental data-collection strategy was noted as a potential strengthening element for the
dissertation’s theoretical argument.
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A Recommended Workflow for Analysing Bike-Sharing Spatio-
Temporal Patterns

A.1 Overview

The analysis proceeds through six phases, each building on results from the previous one. The
overall logic is:

1. Define “places” by grouping nearby docking stations.

2. Aggregate trip data to the place level and compute availability time series.

3. Discover temporal demand-supply patterns and relate them to the weekly, seasonal,
and holiday calendar.

4. Identify and analyse critical events—shortages and overcrowding.

5. Build predictive models of bike demand and supply for each place.

6. Develop and validate an allocation/relocation strategy.

Below, each phase is described in detail, along with pointers to published workflows that
illustrate similar analytical steps.

A.2 Phase 0: Defining Places from Docking Stations

A.2.1 What You Do

You start with the known locations and capacities of all docking stations. Because many popular
areas have multiple stations clustered close together, you group spatially nearby stations into
places—your primary spatial units for the entire analysis.

Use a spatial clustering algorithm (for example, density-based clustering or distance-threshold
grouping) to assign each station to a place. For each place, compute the total docking capacity
(sum of member station capacities) and a centroid location.

Display the result on a geographic map: stations coloured by place membership, with place
boundaries drawn around each group. Visually assess whether the grouping makes sense—are
popular areas with multiple stations properly unified? Is the granularity appropriate (not too
coarse, not too fine)? If not, adjust the distance threshold or minimum group size and repeat.

This is an iterative loop: cluster → visualise on map → assess → adjust parameters →
re-cluster, until you are satisfied with the places.

A.2.2 Where to Find Relevant Examples

• Workflow 1.6 [1] demonstrates how to delineate meaningful places from data through
iterative spatial clustering with visual assessment. In that paper, places are derived from
movement events using density-based clustering with a custom distance function, and the
analyst iteratively adjusts clustering parameters while inspecting results on a map and in a
space-time cube. Relevant aspects: the iterative loop of clustering → map visualisation →
quality assessment → parameter adjustment. Your case is simpler because station locations
are already given (you do not need to extract events first), but the iterative refinement
logic is the same.

• Workflow 1.3 [10] uses graph-based spatial clustering to aggregate nearby places with
strong flows into regions, also with iterative parameter adjustment guided by a quality
heatmap. Relevant aspect: the idea of using a quality metric display (heatmap over
parameter combinations) to guide the choice of spatial aggregation parameters.
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A.3 Phase 1: Aggregating Trip Data and Computing Availability

A.3.1 What You Do

With places defined, you now transform the raw trip records into place-level time series. For
each place and each time interval (e.g., one hour):

• Count the number of bikes taken (trip origins at member stations).

• Count the number of bikes returned (trip destinations at member stations).

• Compute the net flow (returns minus takes).

• Compute directed flows between place pairs (how many bikes moved from place A to
place B).

From the net flow, compute a running estimate of bike availability at each place over
time and the occupancy rate (fraction of capacity occupied). This requires either knowing the
initial bike distribution or estimating it from the data and domain knowledge.

The result is a set of time series per place: takes, returns, net flow, availability, and occupancy
rate.

A.3.2 Where to Find Relevant Examples

• Workflow 1.11 [2] begins with precisely this step: transforming raw spatio-temporal records
into spatial time series by dividing territory into spatial compartments and aggregating
attribute values by location and time interval. Relevant aspect: the spatio-temporal
aggregation step producing one time series per spatial unit.

• Workflow 1.6 [1] includes a spatio-temporal aggregation step after place delineation, where
events and trajectories are aggregated by places and time intervals, producing time series
of counts and statistics per place, as well as directed flows between place pairs. Relevant
aspects: aggregating both local statistics (counts per place) and relational statistics (flows
between places)—exactly what you need for understanding bike redistribution patterns.

A.4 Phase 2: Discovering Temporal Patterns through Day Clustering

A.4.1 What You Do

This is the core pattern-discovery phase. The idea is to treat each day as an analytical unit,
characterise it by its hourly demand-supply profile across all places, then cluster days with
similar profiles and visualise the clusters on a calendar to reveal weekly, seasonal, and holiday
patterns.

Step 2a—Partition into daily episodes. Cut all place-level time series into daily segments.
Each day is now represented by a matrix of hourly values (places × hours) for takes, returns, net
flow, and availability.

Step 2b—Compute daily profiles. Summarise each day by a feature vector that captures
the system-wide hourly shape of demand and supply—for instance, the total takes and returns
per hour across all places, plus indicators like total volume and peak-hour timing.

Step 2c—Cluster days iteratively. Apply hierarchical clustering (or another method) to
group days with similar profiles. Adjust the number of clusters and distance measure interactively
until you get a clear, interpretable decomposition.
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Step 2d—Visualise and interpret. Use three coordinated views:

1. Calendar view: A grid where each cell is one day, coloured by cluster membership.
Months run along one axis, days of the week along the other. This immediately reveals
whether clusters correspond to weekdays vs. weekends, holidays, seasons, etc.

2. Profile line graphs: For each cluster, show the average hourly take and return curves
(with variability bands). These show the characteristic diurnal shape for each day type—e.g.,
“regular weekday” might show morning peaks at residential places and evening peaks at
business areas.

3. Place-level heatmap: A matrix (places as rows, hours as columns, one panel per cluster)
where colour intensity shows the net flow at each place and hour. Blue might indicate
places gaining bikes, red places losing bikes. This reveals where demand imbalances occur
for each day type.

Optionally, also show flow map thumbnails for selected hours (e.g., morning peak, evening
peak) with arrows between places sized by flow volume, to visualise the dominant movement
patterns.

Examine these views together. Assign interpretive labels to clusters (e.g., “regular weekday,”
“summer weekend,” “public holiday”). If clusters are not yet clear or too many/too few, adjust
parameters and re-cluster.

A.4.2 Where to Find Relevant Examples

• Workflow 1.1 [9] is the primary reference for this phase. It defines exactly this
approach: partition time series into daily episodes, characterise each day by its temporal
profile, hierarchically cluster days by profile similarity, and display results through a
calendar view (colour-coded by cluster) coordinated with line graphs of cluster-average
profiles. The analyst iteratively adjusts the number of clusters, distance measure, and
time interval focus until meaningful patterns emerge. Relevant aspects: the entire iterative
loop of clustering → calendar + profile visualisation → interpretation → assessment →
parameter adjustment. Your workflow extends this by making the daily profiles multi-place
(matrices instead of single vectors) and adding the place-level heatmap, but the core logic
is directly from this paper.

• Workflow 1.3 [10] applies temporal clustering to flow data (grouping time steps with
similar spatial flow patterns) and displays results on a calendar with flow graph thumbnails
per cluster. Relevant aspects: the calendar view for temporal cluster distribution combined
with small-multiple flow graph thumbnails showing representative spatial patterns per
cluster—a visualisation design directly applicable to your flow map thumbnails.

• Workflow 1.9 [4] provides a model for progressive abstraction of multivariate temporal
data. It shows how symbolic encoding of temporal patterns within episodes, followed by
topic modelling to discover co-occurring patterns, can reveal multi-attribute behaviours.
Relevant aspects: the general strategy of encoding temporal variation within episodes and
then discovering higher-level patterns from the encoded representations, especially useful if
you want to go beyond simple day clustering and discover more nuanced combinations of
place-level patterns.

A.5 Phase 3: Identifying and Analysing Critical Events

A.5.1 What You Do

Define critical events as time intervals when a place’s occupancy rate crosses a threshold—either
too low (shortage: few bikes available, users cannot take a bike) or too high (overcrowding: few
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free docks, users cannot return a bike). Set thresholds based on domain knowledge (e.g., below
10% of capacity = shortage, above 90% = overcrowding).

Scan the availability time series to extract all critical episodes: for each, record the place,
type (shortage or overcrowding), start and end time, duration, and severity (e.g., estimated
number of unserved users).

Then aggregate critical events by place, day type (from Phase 2), and hour of day to build
a profile of where and when shortages and overcrowding concentrate.

Visualise the results with:

• A map where each place has a glyph sized by total critical event frequency, coloured by
type (red for shortage, blue for overcrowding), with an embedded hourly bar diagram
showing at which hours critical events occur.

• A calendar heatmap where cell colour intensity reflects the number of critical events per
day.

Interpret these views together with the Phase 2 results. Look for spatial complementarity—
e.g., morning shortages at residential places co-occurring with overcrowding at business-area
places. These complementary patterns are the key to designing effective relocation strategies.

A.5.2 Where to Find Relevant Examples

• Workflow 1.6 [1] provides the model for event extraction and characterisation:
identifying relevant events from data using attribute-based criteria, then aggregating
and visualising events by places and time intervals to discover spatio-temporal patterns.
Relevant aspects: the event extraction step (applying threshold conditions to identify
events), spatio-temporal aggregation of events per place and time interval, and exploration
through temporal diagrams positioned on a map.

• Workflow 1.1 [9] and Workflow 1.3 [10]—the calendar-based visualisation approach
from Phase 2 can be reused here to show the temporal distribution of critical events across
the calendar. Relevant aspect: the calendar grid as a tool for revealing weekly and seasonal
concentration patterns.

A.6 Phase 4: Building Predictive Demand-Supply Models

A.6.1 What You Do

The goal is to build a model that, given any date and time of day, predicts the expected takes,
returns, and net flow at each place. This model is the foundation for the allocation strategy in
Phase 5.

Step 4a—Group places by demand similarity. Cluster places whose demand-supply time
series have similar temporal shapes (even if different magnitudes). This allows you to fit a shared
model structure per group, with per-place scaling parameters, rather than building a separate
model for each place.

Step 4b—Identify temporal components. For each place group, use the cluster profiles
from Phase 2 to identify the temporal variation components: the diurnal cycle shape, weekly
modulation (weekday vs. weekend), seasonal variation, and holiday effects.

Step 4c—Fit a time series model. Derive a representative time series for each place group.
Select and configure a modelling method that can handle multiple seasonal components (e.g.,
a multiplicative seasonal model with 24-hour and 168-hour cycles, plus seasonal and holiday
adjustment factors). Fit the model and overlay the model curve on the actual data.
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Step 4d—Iteratively refine. Assess the model visually: does the model curve capture the
characteristic diurnal shape? The weekday/weekend distinction? The seasonal variation? If not,
adjust parameters and refit.

Step 4e—Evaluate through residual analysis. Compute residuals (actual minus predicted)
for all places and examine their distribution over time and space. Residuals should look random;
if they show systematic patterns (e.g., consistently underestimating demand at certain hours or
places), this indicates the model needs refinement—perhaps additional components, different
grouping, or special handling of holidays.

This is a nested loop: an outer loop over the grouping–modelling–residual cycle, and inner
loops for cluster refinement and model parameter tuning.

A.6.2 Where to Find Relevant Examples

• Workflow 1.11 [2] is the primary reference for the entire modelling phase. It describes
precisely this approach: cluster spatial time series by temporal similarity, visually identify
temporal variation characteristics, derive representative series, configure and fit statistical
time series models, iteratively refine model parameters while comparing model curves
to data, and evaluate model quality by examining residual distributions over time and
space. If residuals show systematic patterns, the analyst decides whether to subdivide
clusters, adjust the modelling approach, or both. Relevant aspects: essentially the entire
modelling workflow—grouping → representative derivation → model configuration → fitting
→ visual comparison → residual-based evaluation → refinement decision. Your workflow
adds holiday/seasonal exogenous variables and multi-scale seasonality, but the structural
logic comes directly from this paper.

• Workflow 1.10 [8] provides a complementary approach to model refinement through
residual analysis. After building an initial model, residuals become the analytical target:
features are re-ranked by their relevance to the residuals, revealing effects not yet captured
by the model, and the analyst decides which features or interactions to add. Relevant
aspect: the residual-based discovery loop—compute residuals → re-rank features by residual
relevance → visualise conditional residual distributions → discover unexplained effects →
refine model. This approach is useful if you want a more structured way to decide what to
add to your model when residuals are non-random.

A.7 Phase 5: Developing and Validating the Allocation Strategy

A.7.1 What You Do

With a predictive model in hand, you now build an allocation/relocation model: given a
date and time, use the demand-supply predictions to compute a recommended distribution of
bikes across places that minimises expected shortages and overcrowding.

Step 5a—Define objectives and constraints. Specify what you are optimising: minimise
total expected shortage and overcrowding events, subject to constraints—total fleet size, place
capacities, and logistical limits (e.g., maximum bikes a redistribution vehicle can move per trip,
operating hours of redistribution crews).

Step 5b—Formulate the optimisation model. Build a model that takes the predicted
demand curves for a given date and time, and computes the optimal initial bike allocation and
(optionally) a schedule of relocations during the day.
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Step 5c—Validate by simulation. Test the model on historical dates: for a representative
sample of dates (sampling from each day-type cluster identified in Phase 2), compute the
recommended allocation, simulate the resulting availability through the day using actual demand
data, and count how many critical events (shortages and overcrowding) would have been avoided
compared to the actual historical situation.

Step 5d—Visualise and assess. Display a side-by-side comparison: for each place, show the
critical event frequency under the actual historical allocation versus the recommended allocation.
Use a map with paired bars (actual vs. recommended) and a summary table by day type showing
the total reduction in critical events. Assess whether the improvement is sufficient. If certain
places or day types still show unacceptable critical event rates, refine the allocation criteria—for
example, adjust the relative weighting of shortage vs. overcrowding, introduce priority places, or
add time-of-day relocation windows.

This is again an iterative loop: specify criteria → build allocation model → simulate on
historical data → visualise comparison → assess → refine criteria → rebuild.

A.7.2 Where to Find Relevant Examples

• Workflow 1.5 [7] provides the model for the prescriptive recommendation loop. In
that paper, the analyst specifies an action plan, the system estimates the plan’s impact by
recomputing outcome probabilities, the analyst assesses the result, and if unsatisfied, refines
the plan based on outcome feedback. This cycle continues until the analyst is satisfied.
Relevant aspects: the iterative plan-specification → impact-estimation → visualisation →
assessment → refinement cycle. In your case, the “action plan” is the bike allocation, the
“outcome estimation” is the simulated critical event count, and the “refinement” is adjusting
allocation criteria. The structural logic is the same.

A.8 Phase 6: Synthesising Knowledge

A.8.1 What You Do

At the end, bring together all findings into a comprehensive understanding:

1. Demand-supply pattern types: The named day types (from Phase 2) with their
characteristic diurnal shapes, place-level variations, and calendar distribution.

2. Critical event patterns: Which places are most affected, when, and why—including spa-
tial complementarity patterns (paired shortages and overcrowding) explained by directional
flows.

3. Predictive models: For any given date and time, the expected demand and supply at
each place, with the model’s accuracy and limitations documented.

4. Allocation recommendations: The validated relocation strategy with its expected
reduction in critical events, along with operational guidance for redistribution logistics.

All 17 workflows in the library end with a knowledge synthesis step. This case combines
pattern-based understanding (as in Workflows 1.1, 1.3, 1.6) with model-based prediction (as in
Workflow 1.11) and prescriptive recommendation (as in Workflow 1.5).

A.9 Summary of Key References

Table 3 summarises, for each phase, the primary reference workflows and what to look for in the
corresponding papers.
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Table 3: Primary references for each workflow phase.
Phase What You Do Primary Reference What to Look at in That

Paper

0 Group stations into places 1.6 [1] Iterative spatial clustering
with visual assessment on map

1 Aggregate to place-level time series 1.11 [2], 1.6 [1] Spatio-temporal aggregation
step; aggregation of local
counts and inter-place flows

2 Cluster days; calendar + profiles 1.1 [9], 1.3 [10] Day clustering + calen-
dar view + profile line
graphs (1.1); temporal clus-
tering + calendar + flow
thumbnails (1.3)

3 Identify critical events 1.6 [?] Event extraction by threshold
conditions; spatio-temporal
aggregation of events; tempo-
ral diagrams on map

4 Build predictive model 1.11 [2], 1.10 [8] Full modelling workflow:
grouping → representative →
model fitting → residual eval-
uation (1.11); residual-based
feature discovery loop (1.10)

5 Allocation / relocation strategy 1.5 [7] Iterative plan specification →
impact estimation → assess-
ment → refinement loop

A.10 ATWL representation

workflow bike-sharing-spatio-temporal-analysis

template:
loop(define-unit (places) → visualise → assess) →
characterise (aggregate) → characterise (availability) →
define-unit (daily episodes) → characterise (profiles) →
loop(define-unit (cluster days) → characterise (cluster summaries) →

contextualise (calendar) → visualise → abstract → assess) →
define-unit (critical events) → visualise → abstract →
define-unit (group places) →
loop(abstract (cycles) → generate-knowledge (configure) →

build-model → visualise → assess →
characterise (residuals) → visualise → assess) →

build-model (allocation) →
loop(characterise (simulate) → visualise → assess) →
generate-knowledge

description: "Analyse spatio-temporal patterns of public bike usage at
the level of places (groups of nearby docking stations), reveal
patterns of bike shortage and station overcrowding related to
diurnal, weekly, seasonal cycles and holidays, build predictive
demand-supply models, and develop a bike allocation/relocation
strategy"

# ============================================================================
# GIVEN ARTIFACTS
# ============================================================================

artifact D_trips : entities
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origin: given
internal structure: elementary
embedment: {set, time}
features:

- id: bike_id
value structure: atomic
value type: reference
description: "Bike identifier"

- id: origin_station
value structure: atomic
value type: reference
description: "Origin docking station"

- id: origin_time
value structure: atomic
value type: temporal
description: "Trip start time"

- id: dest_station
value structure: atomic
value type: reference
description: "Destination docking station"

- id: dest_time
value structure: atomic
value type: temporal
description: "Trip end time"

description: "Individual bike trip records with origin and
destination stations and timestamps"

artifact D_stations : entities
origin: given
internal structure: elementary
embedment: space
features:

- id: coordinates
value structure: atomic
value type: spatial
description: "Geographic location"

- id: capacity
value structure: atomic
value type: numeric
description: "Number of docking positions"

description: "Docking stations with geographic locations and
docking capacities"

artifact D_calendar : entities
origin: given
internal structure: elementary
embedment: time
features:

- id: day_of_week
value structure: atomic
value type: categorical
description: "Day of week (Mon-Sun)"

- id: month
value structure: atomic
value type: categorical
description: "Month"

- id: season
value structure: atomic
value type: categorical
description: "Season"

- id: is_holiday
value structure: atomic
value type: categorical
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description: "Holiday indicator (yes/no)"
- id: day_type

value structure: atomic
value type: categorical
description: "Working day, weekend, or public holiday"

description: "Calendar structure with day-of-week, month,
season, and holiday annotations"

artifact K_domain : knowledge(D_trips, D_stations)
origin: given
representation form: "domain constraints and assumptions"
description: "Domain knowledge: system operating hours, fleet

size, initial bike distribution (or estimation method),
known relocation operations, special event calendar"

# ============================================================================
# PHASE 0: PLACE DEFINITION
# Adapted from 1.6 (place delineation) and 1.3 (spatial aggregation),
# simplified because station locations are given.
# ============================================================================

artifact S_station_clustering : specification
origin: given
representation form: "parameter settings"
description: "Spatial clustering parameters: distance threshold

for grouping nearby stations, minimum group size"

loop L_place_definition:
purpose: "Group spatially close docking stations into places

that serve as analytical units for the entire workflow"
until: "Places are spatially coherent, popular areas with

multiple stations are properly grouped, and place
granularity is appropriate for pattern analysis"

body:

transform T_cluster_stations :
intent: define-unit
manner: "spatial clustering by proximity"
input: D_stations, S_station_clustering
output: D_places, F_place_membership
actor: machine
description: "Group spatially close stations into places;

compute aggregate capacity per place"

artifact D_places : entities
internal structure: group/cluster
embedment: space
features:

- id: centroid
value structure: atomic
value type: spatial
description: "Centroid location of member stations"

- id: total_capacity
value structure: atomic
value type: numeric
description: "Sum of docking capacities of members"

- id: num_stations
value structure: atomic
value type: numeric
description: "Number of member stations"

description: "Groups of nearby docking stations forming
place-level analytical units with aggregate capacities"
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artifact F_place_membership : feature(D_stations)
value structure: atomic
value type: categorical
description: "Place assignment for each station"

transform T_vis_places :
intent: visualise
manner: "stations and places on geographic map"
input: D_stations, D_places, F_place_membership
output: V_places_map
actor: machine
description: "Display stations colored by place membership

on map with place boundaries and capacity indicators"

artifact V_places_map : visualisation(D_stations, D_places,
F_place_membership)

layout: "geographic map"
form: "colored points with cluster boundaries"
encoding: "station position from coordinates; color from

place membership; boundary from convex hull or buffer;
place label size proportional to total capacity"

description: "Map showing station grouping into places"

transform T_assess_places :
intent: assess
manner: "evaluate spatial coherence and granularity"
input: V_places_map, D_places, S_station_clustering
output: K_place_assessment
actor: human
description: "Assess whether places are spatially coherent,

popular areas are properly grouped, and granularity
is appropriate"

artifact K_place_assessment : knowledge(D_places)
representation form: "quality judgment"
description: "Assessment of place quality and whether

clustering parameter adjustment is needed"

if K_place_assessment indicates adjustment needed:
then:

transform T_adjust_station_clustering :
intent: generate-knowledge
manner: "adjust spatial clustering parameters"
input: K_place_assessment, V_places_map,

S_station_clustering
output: S_station_clustering’
actor: human
description: "Adjust distance threshold or minimum size"

artifact S_station_clustering’ : specification
representation form: "parameter settings"
description: "Updated clustering parameters"

assign:
S_station_clustering := S_station_clustering’

else:
exit loop L_place_definition

end loop L_place_definition

# ============================================================================
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# PHASE 1: SPATIO-TEMPORAL AGGREGATION
# Adapted from 1.11 (spatio-temporal aggregation) and 1.6 (place-level
# aggregation with flows).
# ============================================================================

artifact S_time_granularity : specification
origin: given
representation form: "parameter settings"
description: "Time interval for aggregation (e.g., 1 hour)"

transform T_aggregate_trips :
intent: characterise
manner: "spatio-temporal aggregation by places and time intervals"
input: D_trips, D_places, F_place_membership, S_time_granularity
output: F_take_series, F_return_series, F_flow_series
actor: machine
description: "Count bike takes and returns per place per time

interval; compute directed flows between place pairs over time"

artifact F_take_series : feature(D_places)
value structure: vector
value type: numeric
representation form: "time series per place"
description: "Time series of bike take counts per place

per time interval"

artifact F_return_series : feature(D_places)
value structure: vector
value type: numeric
representation form: "time series per place"
description: "Time series of bike return counts per place

per time interval"

artifact F_flow_series : feature(D_places)
value structure: relational configuration
value type: {reference, numeric}
representation form: "directed flows with time series"
description: "Time series of directed bike flow counts between

each pair of places"

transform T_compute_availability :
intent: characterise
manner: "compute running availability from cumulative net flow"
input: D_places, F_take_series, F_return_series, K_domain
output: F_net_flow, F_availability, F_occupancy_rate
actor: machine
description: "Compute net flow (returns minus takes), running

bike availability, and occupancy rate as fraction of
capacity, using initial distribution from domain knowledge"

artifact F_net_flow : feature(D_places)
value structure: vector
value type: numeric
representation form: "time series per place"
description: "Time series of net bike flow (returns - takes)

per place per interval"

artifact F_availability : feature(D_places)
value structure: vector
value type: numeric
representation form: "time series per place"
description: "Estimated available bike count per place over

time, derived from cumulative net flow and initial state"
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artifact F_occupancy_rate : feature(D_places)
value structure: vector
value type: numeric
representation form: "time series per place"
description: "Fraction of capacity occupied at each place

over time (0 = empty, 1 = full)"

# ============================================================================
# PHASE 2: TEMPORAL PATTERN DISCOVERY
# Adapted from 1.1 (cluster-calendar) extended with multi-place profiles,
# and from 1.3 (temporal clustering with calendar view and flow thumbnails).
# ============================================================================

transform T_partition_days :
intent: define-unit
manner: "time-partitioning into daily episodes"
input: D_places, F_take_series, F_return_series, F_net_flow,

F_availability
output: D_days
actor: machine
description: "Partition all place-level time series into daily

episodes, each containing hourly profiles for all places"

artifact D_days : entities
internal structure: episode
embedment: time
features:

- id: date
value structure: atomic
value type: temporal
description: "Calendar date"

- id: take_profiles
value structure: matrix
value type: numeric
description: "Hourly take counts: places x hours"

- id: return_profiles
value structure: matrix
value type: numeric
description: "Hourly return counts: places x hours"

- id: net_flow_profiles
value structure: matrix
value type: numeric
description: "Hourly net flow: places x hours"

- id: availability_profiles
value structure: matrix
value type: numeric
description: "Hourly availability: places x hours"

description: "Daily episodes containing hourly demand-supply
profiles across all places"

transform T_profile_days :
intent: characterise
manner: "compute composite daily profiles"
input: D_days
output: F_day_profile
actor: machine
description: "Represent each day by a feature vector capturing

system-wide hourly take and return patterns (aggregated
across places) and, optionally, place-level patterns"

artifact F_day_profile : feature(D_days)
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value structure: vector
value type: numeric
description: "Composite daily profile: system-wide hourly

take and return curves, total volume, and peak-hour
indicators"

artifact S_day_clustering : specification
origin: given
representation form: "parameter settings"
description: "Day clustering parameters: number of clusters,

distance measure, features included"

loop L_day_clustering:
purpose: "Cluster days with similar demand-supply patterns

to reveal diurnal, weekly, seasonal, and holiday
regularities"

until: "Day clusters are interpretable, well-separated, and
reveal clear correspondence with weekday/weekend/holiday
and seasonal structure"

body:

transform T_cluster_days :
intent: define-unit
manner: "hierarchical clustering by profile similarity"
input: D_days, F_day_profile, S_day_clustering
output: D_day_clusters, F_day_cluster_label
actor: hybrid
description: "Group days with similar system-wide

demand-supply profiles"

artifact D_day_clusters : entities
internal structure: group/cluster
embedment: set
features:

- id: cluster_size
value structure: atomic
value type: numeric
description: "Number of days in cluster"

description: "Groups of days with similar demand-supply
patterns"

artifact F_day_cluster_label : feature(D_days)
value structure: atomic
value type: categorical
description: "Cluster membership for each day"

transform T_aggregate_clusters :
intent: characterise
manner: "compute cluster-average profiles and flow summaries"
input: D_day_clusters, F_day_profile, D_days,

F_take_series, F_return_series, F_flow_series
output: F_cluster_profile, F_cluster_flow
actor: machine
description: "Compute average hourly demand-supply profiles

per cluster at system and place level; compute average
inter-place flow patterns per cluster"

artifact F_cluster_profile : feature(D_day_clusters)
value structure: vector
value type: numeric
description: "Cluster-average hourly profiles of takes,

returns, and net flow, both system-wide and per place"
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artifact F_cluster_flow : feature(D_day_clusters)
value structure: relational configuration
value type: {reference, numeric}
representation form: "average directed flows per cluster

for selected hours (e.g., morning peak, evening peak)"
description: "Cluster-average inter-place flow patterns"

transform T_arrange_calendar :
intent: contextualise
manner: "calendar-based"
input: D_days, D_calendar
output: A_calendar
actor: machine
description: "Arrange daily episodes in calendar context"

artifact A_calendar : arrangement(D_days)
context: D_calendar
principle: "calendar date mapping to grid position

(weeks as rows, days of week as columns)"
description: "Calendar arrangement positioning each day

within its weekly and monthly context"

# Coordinated views adapted from 1.1 (calendar + profiles)
# and 1.3 (calendar + thumbnails + flow maps)

transform T_vis_calendar :
intent: visualise
manner: "calendar grid with color-coded clusters"
input: A_calendar, F_day_cluster_label
output: V_calendar
actor: machine
description: "Display days on calendar colored by cluster

membership, highlighting holiday annotations"

artifact V_calendar : visualisation(A_calendar, F_day_cluster_label)
layout: "calendar grid (months as row groups, weekdays

as columns)"
form: "colored cells with holiday markers"
encoding: "position from A_calendar; color from cluster

label; markers for holidays"
description: "Calendar view revealing weekly and seasonal

distribution of demand-supply pattern types"

transform T_vis_profiles :
intent: visualise
manner: "line graphs and flow thumbnails per cluster"
input: F_cluster_profile, F_cluster_flow, D_day_clusters,

D_places
output: V_profiles
actor: machine
description: "Display cluster-average daily take/return

profiles and representative flow patterns"

artifact V_profiles : visualisation(F_cluster_profile,
F_cluster_flow, D_day_clusters, D_places)

layout: "one panel per cluster: line graphs above,
flow map thumbnails below (morning/evening peaks)"

form: "line graphs with confidence bands; directed
flow arrows on small maps"

encoding: "x: hour of day; y: average count; separate
lines for takes (outgoing) and returns (incoming);
flow arrows: width from magnitude, color from
cluster; bands for within-cluster variability"
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description: "Characteristic diurnal demand-supply
curves and spatial flow patterns per day type"

transform T_vis_place_heatmap :
intent: visualise
manner: "heatmap of place-level demand variation"
input: F_cluster_profile, D_places, D_day_clusters
output: V_place_heatmap
actor: machine
description: "Display place-level hourly demand patterns

per cluster as heatmap"

artifact V_place_heatmap : visualisation(F_cluster_profile,
D_places, D_day_clusters)

layout: "matrix: places as rows (ordered by geography
or cluster), hours as columns, one panel per
day-type cluster"

form: "colored cells"
encoding: "color intensity from net flow value; blue for

net bike gain, red for net bike loss"
description: "Heatmap revealing which places gain or lose

bikes at which hours for each day type"

transform T_interpret_patterns :
intent: abstract
manner: "identify temporal pattern types and associations"
input: V_calendar, V_profiles, V_place_heatmap,

D_day_clusters
output: P_temporal_patterns
actor: human
description: "Interpret cluster meanings: associate with

weekdays, weekends, holidays, seasons; note
characteristic diurnal shapes and place-level
variations"

artifact P_temporal_patterns : pattern(D_day_clusters, D_places)
representation form: "labeled pattern types with descriptions"
description: "Named demand-supply pattern types (e.g.,

’regular weekday’, ’weekend’, ’summer weekday’,
’public holiday’) with diurnal shape descriptions
and place-specific variations"

transform T_assess_day_clusters :
intent: assess
manner: "evaluate cluster quality and interpretability"
input: V_calendar, V_profiles, V_place_heatmap,

P_temporal_patterns, D_day_clusters
output: K_cluster_assessment
actor: human
description: "Assess whether clusters provide clear

decomposition aligned with calendar structure"

artifact K_cluster_assessment : knowledge(D_day_clusters)
representation form: "quality judgment"
description: "Assessment of cluster quality: separation,

interpretability, calendar correspondence, and
whether refinement is needed"

if K_cluster_assessment indicates refinement needed:
then:

transform T_adjust_day_clustering :
intent: generate-knowledge
manner: "adjust clustering parameters"
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input: K_cluster_assessment, V_calendar, V_profiles,
S_day_clustering

output: S_day_clustering’
actor: human
description: "Adjust number of clusters, distance

measure, or feature composition"

artifact S_day_clustering’ : specification
representation form: "parameter settings"
description: "Updated day clustering parameters"

assign:
S_day_clustering := S_day_clustering’

else:
exit loop L_day_clustering

end loop L_day_clustering

# ============================================================================
# PHASE 3: CRITICAL EVENT ANALYSIS
# Adapted from 1.6 (event extraction and characterisation) with
# new critical-state definitions.
# ============================================================================

artifact S_critical_thresholds : specification
origin: given
representation form: "parameter settings"
description: "Thresholds for critical states: minimum available

bikes for shortage (e.g., <10% capacity), minimum free
docks for overcrowding (e.g., <10% remaining capacity)"

transform T_identify_critical :
intent: define-unit
manner: "extract episodes where availability crosses thresholds"
input: D_places, F_availability, F_occupancy_rate,

S_critical_thresholds
output: D_critical_events
actor: machine
description: "Identify time intervals and places where bike

shortage or dock overcrowding occurs"

artifact D_critical_events : entities
internal structure: episode
embedment: {space, time}
features:

- id: place_ref
value structure: atomic
value type: reference
description: "Place where critical event occurs"

- id: event_type
value structure: atomic
value type: categorical
description: "’shortage’ or ’overcrowding’"

- id: duration
value structure: atomic
value type: temporal
description: "Duration of critical state"

- id: severity
value structure: atomic
value type: numeric
description: "Depth of critical state (e.g., number of

unserved take or return attempts estimated from
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demand during shortage)"
description: "Episodes of bike shortage or dock overcrowding

at specific places and times"

transform T_characterise_critical :
intent: characterise
manner: "aggregate critical events by place, day type, and

time of day"
input: D_critical_events, D_places, F_day_cluster_label, D_days
output: F_critical_frequency
actor: machine
description: "Compute frequency, duration, and severity of

critical events per place, per day type, and per hour"

artifact F_critical_frequency : feature(D_places)
value structure: matrix
value type: numeric
representation form: "critical event frequency matrix

(place x hour x day-type)"
description: "Frequency and severity of shortage and

overcrowding by place, hour, and day type"

transform T_vis_critical :
intent: visualise
manner: "geographic map with temporal diagrams and calendar

heatmap"
input: D_places, F_critical_frequency, A_calendar,

F_day_cluster_label, D_critical_events
output: V_critical
actor: machine
description: "Display critical event patterns on map (where)

and calendar (when)"

artifact V_critical : visualisation(D_places, F_critical_frequency,
A_calendar)

layout: "geographic map with embedded hourly bar diagrams;
calendar heatmap panel"

form: "sized bicolored glyphs on map with bar diagrams;
colored calendar cells"

encoding: "map: glyph position from place centroid; glyph
size from total critical frequency; red for shortage,
blue for overcrowding; bar diagram shows hourly profile
of critical events. Calendar: cell color intensity from
critical event count per day"

description: "Coordinated spatial and temporal views of
where and when shortages and overcrowding occur"

transform T_interpret_critical :
intent: abstract
manner: "identify critical spatio-temporal patterns"
input: V_critical, P_temporal_patterns, F_critical_frequency,

V_place_heatmap
output: P_critical_patterns
actor: human
description: "Identify which places are most affected, when

critical events concentrate, how they relate to day
types and flows, and whether spatial complementarity
exists (shortage at place A co-occurring with
overcrowding at nearby place B)"

artifact P_critical_patterns : pattern(D_places, D_critical_events)
representation form: "categorised critical patterns with

descriptions"
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description: "Identified critical patterns: places prone to
shortage vs. overcrowding, time-of-day and day-type
concentrations, spatial complementarity (e.g., morning
shortage in residential areas paired with overcrowding
in business areas), seasonal variation of critical
events"

# ============================================================================
# PHASE 4: PREDICTIVE MODEL BUILDING
# Adapted from 1.11 (time series clustering, representative derivation,
# model fitting, and residual-based evaluation). Extended with holiday
# and seasonal exogenous variables.
# ============================================================================

# Group places by temporal demand similarity for joint modelling

transform T_group_places :
intent: define-unit
manner: "cluster by temporal demand-supply similarity"
input: D_places, F_take_series, F_return_series
output: D_place_groups, F_place_group_label
actor: hybrid
description: "Group places with similar temporal demand-supply

patterns so that a shared predictive model can be fitted
per group, with per-place scaling parameters"

artifact D_place_groups : entities
internal structure: group/cluster
embedment: set
description: "Groups of places with similar temporal

demand-supply patterns"

artifact F_place_group_label : feature(D_places)
value structure: atomic
value type: categorical
description: "Place group membership"

artifact S_model_config : specification
origin: given
representation form: "model configuration"
description: "Initial model configuration: model type

(e.g., multiplicative seasonal model), cycle lengths
(diurnal=24h, weekly=168h), seasonal component, holiday
effect handling"

artifact K_modelling_strategy : knowledge
origin: given
representation form: "refinement strategy"
description: "Modelling guidance from prior residual analysis;

initially neutral"

loop L_modelling:
purpose: "Build and refine predictive models of bike demand

and supply per place group until models capture diurnal,
weekly, seasonal, and holiday effects"

until: "Model residuals show no systematic temporal or spatial
patterns; predictions capture demand-supply dynamics
across all day types"

body:

# Identify temporal characteristics (from 1.11 Step 2a)
transform T_identify_cycles :
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intent: abstract
manner: "identify periodic and trend components"
input: V_profiles, P_temporal_patterns, D_place_groups
output: P_temporal_chars
actor: human
description: "For each place group, identify diurnal cycle

shape, weekly modulation, seasonal variation,
and holiday effects from cluster profiles"

artifact P_temporal_chars : pattern(D_place_groups)
representation form: "identified temporal characteristics"
description: "Temporal variation characteristics per

place group: cycle lengths, seasonal amplitude,
holiday effect type and magnitude"

# Configure model (from 1.11 Step 2c)
transform T_configure_model :

intent: generate-knowledge
manner: "specify model structure from identified cycles"
input: P_temporal_chars, K_modelling_strategy,

S_model_config
output: S_model_config’
actor: human
description: "Configure model: select method, set cycle

parameters, specify holiday and seasonal handling"

artifact S_model_config’ : specification
representation form: "model configuration"
description: "Specified model structure with cycle lengths,

seasonal components, holiday indicators, and method"

assign:
S_model_config := S_model_config’

# Derive representative series (from 1.11 Step 2b)
transform T_derive_representative :

intent: characterise
manner: "compute group-representative demand-supply series"
input: D_place_groups, F_take_series, F_return_series
output: F_representative
actor: machine
description: "Derive representative take and return time

series for each place group from member statistics"

artifact F_representative : feature(D_place_groups)
value structure: vector
value type: numeric
description: "Representative demand-supply time series

per place group"

# Build model (from 1.11 Step 2c/d)
transform T_build_demand_model :

intent: build-model
manner: "fit time series model with multiple seasonal

components and holiday effects"
input: F_representative, S_model_config, D_calendar
output: M_demand_supply
actor: machine
description: "For each place group, fit a time series model

capturing diurnal cycle, weekly modulation, seasonal
variation, and holiday adjustments"

artifact M_demand_supply : model(F_representative, S_model_config)
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model type: "seasonal time series model"
representation form: "fitted parametric model with

multiple seasonal components and calendar effects"
description: "Predictive model of bike demand (takes) and

supply (returns) per place group, incorporating
diurnal, weekly, and seasonal cycles with holiday
adjustment factors"

# Visualise model fit (from 1.11 Step 2d)
transform T_vis_model :

intent: visualise
manner: "model curves overlaid on data"
input: M_demand_supply, F_representative, F_take_series,

F_return_series
output: V_model
actor: machine
description: "Display model predictions overlaid on actual

data for each place group across different day types"

artifact V_model : visualisation(M_demand_supply,
F_representative)

layout: "temporal axis, one panel per place group; optional
panel per day type"

form: "line graphs with confidence bands"
encoding: "x: time; y: count; solid lines for model;

dashed lines for data; bands for prediction interval;
faceted by day type"

description: "Model-vs-data comparison revealing accuracy
across temporal cycles and day types"

# Assess fit (from 1.11 Step 2d)
transform T_assess_model :

intent: assess
manner: "evaluate model fit quality"
input: V_model, M_demand_supply
output: K_model_assessment
actor: human
description: "Assess whether model captures diurnal shape,

weekly modulation, seasonal variation, and holiday
effects"

artifact K_model_assessment : knowledge(M_demand_supply)
representation form: "quality judgment"
description: "Assessment of prediction accuracy and whether

refinement is needed"

if K_model_assessment indicates refinement needed:
then:

# Residual analysis (from 1.11 Step 3)
transform T_compute_residuals :

intent: characterise
manner: "compute prediction residuals per place"
input: M_demand_supply, D_places, F_take_series,

F_return_series, D_place_groups
output: F_residuals
actor: machine
description: "Compute residuals between actual and

predicted take/return values for all places"

artifact F_residuals : feature(D_places)
value structure: vector
value type: numeric
description: "Residual time series per place"
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transform T_vis_residuals :
intent: visualise
manner: "residuals over time and space"
input: F_residuals, D_places, D_calendar, D_place_groups
output: V_residuals
actor: machine
description: "Display residual distributions over time

and over space"

artifact V_residuals : visualisation(F_residuals, D_places)
layout: "temporal panel with quintile bands;

geographic map panel"
form: "summary bands and colored areas"
encoding: "temporal: quintile stripes of residuals by

hour-of-week; spatial: map colored by mean
residual magnitude per place"

description: "Residual analysis views for detecting
systematic temporal or spatial patterns"

transform T_assess_residuals :
intent: assess
manner: "evaluate residual randomness"
input: V_residuals, D_place_groups
output: K_residual_quality
actor: human
description: "Assess whether residuals are randomly

distributed; identify systematic patterns"

artifact K_residual_quality : knowledge(M_demand_supply)
representation form: "quality judgment"
description: "Assessment of residual patterns and

whether they indicate model deficiencies"

transform T_decide_refinement :
intent: generate-knowledge
manner: "diagnose residual patterns and formulate

refinement strategy"
input: K_residual_quality, V_residuals,

K_model_assessment, S_model_config
output: K_modelling_strategy’, S_model_config_r
actor: human
description: "Determine refinement: adjust model

parameters, add components, subdivide place
groups, or add holiday/event variables"

artifact K_modelling_strategy’ : knowledge(M_demand_supply)
representation form: "refinement strategy"
description: "Refinement decision: what to change

in model or grouping"

artifact S_model_config_r : specification
representation form: "model configuration"
description: "Revised model configuration"

assign:
K_modelling_strategy := K_modelling_strategy’
S_model_config := S_model_config_r

else:
exit loop L_modelling

end loop L_modelling
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# ============================================================================
# PHASE 5: ALLOCATION / RELOCATION MODEL
# New phase inspired by 1.5 (EventAction prescriptive loop):
# specify allocation → simulate → assess → refine.
# ============================================================================

artifact S_allocation_criteria : specification
origin: given
representation form: "constraints and objectives"
description: "Allocation objectives: minimise expected shortage

and overcrowding; constraints: total fleet size, place
capacities, logistical relocation limits (max bikes moved
per period, vehicle capacity)"

transform T_build_allocation_model :
intent: build-model
manner: "formulate optimisation model for bike distribution"
input: M_demand_supply, D_places, S_allocation_criteria,

D_calendar
output: M_allocation
actor: hybrid
description: "Formulate an optimisation model that, given a

date and time, uses demand-supply predictions to compute
a recommended bike distribution across places that
minimises expected shortages and overcrowding subject
to capacity and logistics constraints"

artifact M_allocation : model(M_demand_supply, D_places,
S_allocation_criteria)

model type: "constrained optimisation model"
representation form: "objective function with demand predictions,

capacity constraints, and logistics constraints"
description: "Model computing optimal bike allocation across

places for any given date and time, based on predicted
demand-supply patterns and operational constraints"

loop L_allocation_validation:
purpose: "Validate and refine the allocation model by

simulating recommendations on historical data and
assessing effectiveness at reducing critical events"

until: "Allocation recommendations effectively reduce
shortage and overcrowding across all day types and
places to acceptable levels"

body:

transform T_simulate_allocation :
intent: characterise
manner: "simulate availability under recommended

allocation across sample historical dates"
input: M_allocation, M_demand_supply, D_days, D_places,

D_calendar, F_availability
output: F_simulated_availability, F_simulated_critical
actor: machine
description: "For a representative sample of dates (from

each day-type cluster), compute recommended allocation
and simulate resulting availability; compare predicted
critical events with actual ones"

artifact F_simulated_availability : feature(D_places)
value structure: matrix
value type: numeric
description: "Simulated hourly availability per place
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under recommended allocation for sample dates"

artifact F_simulated_critical : feature(D_places)
value structure: matrix
value type: numeric
description: "Predicted critical event counts (shortage

and overcrowding) per place under recommended
allocation vs. actual historical allocation"

transform T_vis_allocation :
intent: visualise
manner: "comparison of actual vs. recommended outcomes"
input: F_simulated_critical, F_critical_frequency,

D_places, D_day_clusters
output: V_allocation
actor: machine
description: "Display side-by-side comparison of critical

events under actual vs. recommended allocation"

artifact V_allocation : visualisation(F_simulated_critical,
F_critical_frequency, D_places)

layout: "geographic map with paired bar diagrams;
summary table by day type"

form: "paired bars on map; tabular summary"
encoding: "map: position from place centroid; paired bars

showing actual (left) vs. recommended (right) critical
event frequency; red for shortage, blue for
overcrowding; table: rows by day type, columns by
total critical events, percentage reduction"

description: "Comparison showing predicted reduction in
critical events under recommended allocation"

transform T_assess_allocation :
intent: assess
manner: "evaluate allocation effectiveness"
input: V_allocation, F_simulated_critical,

S_allocation_criteria
output: K_allocation_assessment
actor: human
description: "Assess whether recommendations sufficiently

reduce critical events; identify remaining problem
areas (places or day types where shortages or
overcrowding persist)"

artifact K_allocation_assessment : knowledge(M_allocation)
representation form: "quality judgment"
description: "Assessment of allocation model effectiveness

and remaining problem areas"

if K_allocation_assessment indicates refinement needed:
then:

transform T_refine_allocation :
intent: generate-knowledge
manner: "adjust allocation criteria or model"
input: K_allocation_assessment, V_allocation,

S_allocation_criteria, P_critical_patterns
output: S_allocation_criteria’
actor: human
description: "Refine objectives, constraints, or

approach: adjust shortage/overcrowding
weighting, revise logistics constraints, add
time-of-day relocation windows, or introduce
priority places"
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artifact S_allocation_criteria’ : specification
representation form: "constraints and objectives"
description: "Revised allocation criteria"

assign:
S_allocation_criteria := S_allocation_criteria’

transform T_rebuild_allocation :
intent: build-model
manner: "re-optimise with revised criteria"
input: M_demand_supply, D_places,

S_allocation_criteria, D_calendar
output: M_allocation’
actor: machine
description: "Rebuild allocation model with revised

criteria"

artifact M_allocation’ : model(M_demand_supply,
D_places, S_allocation_criteria)

model type: "constrained optimisation model"
representation form: "revised optimisation formulation"
description: "Revised allocation model"

assign:
M_allocation := M_allocation’

else:
exit loop L_allocation_validation

end loop L_allocation_validation

# ============================================================================
# PHASE 6: KNOWLEDGE SYNTHESIS
# ============================================================================

transform T_synthesize :
intent: generate-knowledge
manner: "integrate patterns, models, and recommendations"
input: P_temporal_patterns, P_critical_patterns,

M_demand_supply, M_allocation,
K_allocation_assessment, K_domain

output: K_final
actor: human
description: "Synthesize comprehensive understanding of bike

sharing dynamics and formulate operational recommendations"

artifact K_final : knowledge(M_demand_supply, M_allocation,
P_temporal_patterns, P_critical_patterns)

representation form: "statements, model descriptions, and
operational recommendations"

description: "Comprehensive findings: (1) identified demand-supply
pattern types and their weekly, seasonal, and holiday
distribution; (2) places and times prone to shortage or
overcrowding with causal flow explanations; (3) predictive
models of demand and supply per place for any date and time;
(4) validated allocation/relocation recommendations with
expected reduction in critical events; (5) operational
guidance for bike redistribution logistics"
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B Relevant Workflow Examples for a Dissertation Project
on Expert-Knowledge-Enhanced Financial Forecasting
through Visual Analytics
Recommendations Based on an ATWL Workflow Library

B.1 The Feature-Selection and Model-Building Task

B.2 Workflow 1.10 — Partition-Based Regression Modelling

Source: Mühlbacher & Piringer [8].

B.2.1 Why It Is the Single Most Relevant Reference

This workflow describes exactly the analytical task the project’s participants will perform:
iteratively selecting features (“drivers”) and their transformations to build a regression model,
guided by visual feedback about feature–target relationships.

B.2.2 What to Study in Detail

The relevance-ranking mechanism. Features are ranked by a quantitative goodness-of-fit
measure computed over partitioned feature domains. In the experiment, the analogous step is
showing participants which candidate drivers (and which transformations—lag, rolling average,
etc.) have the strongest statistical association with the target metric. The three experimental
conditions can be seen as three different representational forms of this same relevance information.

The conditional-distribution visualisation. The workflow uses “ranked small-multiple
partition-based plots”—for each feature, a one-dimensional percentile plot shows how the target
variable’s distribution changes across partitioned regions of that feature’s domain. This is a
visual statistical encoding: it goes beyond a single relevance number and shows the shape of the
relationship (non-linearity, local effects, interactions). This design directly informs Condition B
(visual statistical encoding)—it could be adapted to show how the target metric’s distribution
varies across partitioned regions of each candidate driver.

The residual-based refinement loop. After building an initial model, the analytical target
switches to residuals. Features are re-ranked by their relevance to the residuals, exposing effects
not yet captured. Previously included features rank lower, while new relevant features emerge.
This is the mechanism by which the workflow helps the analyst progressively close the gap
between what the model captures and what remains unexplained. For the experiment, this
suggests a key design element: after a participant selects initial drivers and builds a model, the
system could show residual-based feedback revealing which additional drivers or transformations
would most reduce the remaining error.

The feature-pair interaction displays. The workflow includes two-dimensional colour-coded
plots showing conditional target statistics over pairs of features, revealing interaction effects.
In the forecasting context, this could correspond to showing how combinations of drivers (or a
driver with a specific transformation) jointly relate to the target—information that could be
especially valuable for Condition C (semantic visual encoding) if the interactions are presented
with domain-meaningful labels and causal framing.

B.2.3 How to Use It

Study this workflow as the structural template for the analytical task participants will perform.
The three experimental conditions can be understood as providing the same underlying informa-
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tion that this workflow computes (feature relevance, conditional distributions, residual patterns)
but at three levels of representational richness.

B.3 Workflow 1.12 — Feature Engineering for Behaviour Pattern Recognition

Source: Andrienko et al. [3].

B.3.1 Why It Matters

Apart from the general human-in-the-loop philosophy emphasised in the paper, the workflow
structure it describes contains specific design patterns directly applicable to the experimental
interface.

B.3.2 What to Study in Detail

The feature-engineering loop. The workflow has an explicit iterative loop: compute fea-
tures → cluster by feature similarity → project and visualise → interpret patterns → assess
feature adequacy → refine features (add new ones, apply transformations such as logarithmic
scaling) → repeat. This is structurally identical to what participants will do: select drivers and
transformations → build model → receive visual feedback → refine selections → repeat. The key
insight is that feature refinement itself is inside the loop, not a one-shot decision. The
experimental interface should support this iterative cycle.

The role of coordinated views for assessment. The workflow uses three coordinated
views simultaneously: a UMAP projection showing episode similarity, a geographic map showing
trajectory shapes, and histograms showing feature distributions. The projection reveals whether
clusters are well-separated (analogous to showing whether chosen drivers create a good model),
the map provides domain-semantic context (analogous to showing the causal meaning of a driver),
and the histograms provide statistical detail. This three-view structure maps suggestively onto
the three experimental conditions—they might be thought of as progressively adding views from
this coordinated set:

• Condition A: Only statistical summary (like having only the histograms).
• Condition B: Statistical visualisation (like adding the projection—showing the shape of

statistical relationships).
• Condition C: Semantic visualisation (like adding the map—providing domain-meaningful

context that helps interpret why certain features work).

The feature-assessment artifact. The workflow explicitly models the human’s assessment
of feature adequacy as an artifact that records whether current features “achieve meaningful
behavioural discrimination.” In the experiment, this corresponds to the participant’s judgment
of whether their current driver selection is adequate—a judgment that the VA feedback is meant
to support.

B.3.3 How to Use It

Use this workflow’s structure as the basis for designing the interaction flow of the experimental
interface. Regardless of condition, all participants should follow the same loop structure; what
changes across conditions is the representational richness of the visual feedback within each
iteration.
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B.4 Time-Series Modelling and Temporal Relationship Visualisation

B.5 Workflow 1.11 — Spatio-Temporal Analysis and Modelling

Source: Andrienko & Andrienko [2].

B.5.1 Why It Is Relevant

The forecasting scenario involves time-series data with temporal relationships (drivers influencing
the target with delays, cyclical patterns). This workflow addresses exactly this: modelling
temporal variation in time series, including identifying periodicity, cycle lengths, and trends
through visual inspection.

B.5.2 What to Study in Detail

Visual identification of temporal characteristics. The analyst inspects time graphs to
identify periodicity, cycle lengths, and trends. In the forecasting context, this corresponds to
participants visually recognising the temporal relationship between a driver and the target—e.g.,
seeing that marketing spend leads subscription sign-ups by two weeks. For Condition C, this
visual recognition could be supported by time-graph displays that align the driver and target
series with explicit lag indicators, making the temporal causal relationship visually apparent.

The model-curve-versus-data visualisation. After fitting a model, the model’s predicted
curve is overlaid on the actual data and the analyst assesses fit visually. This is a powerful
feedback mechanism that could be adapted for the experiment: after a participant selects drivers
and transformations, show the resulting model’s predicted target series overlaid on the actual
target, so they can see where the model succeeds and fails.

The residual visualisation. Residuals are displayed both temporally (quintile summary
bands over time) and spatially. For this project, the temporal residual display is key: it can reveal
when the model fails, helping participants reason about which drivers or temporal transformations
might address the gap. For example, if residuals show a systematic pattern at certain times of
year, this might prompt the participant to add a seasonal driver or adjust a lag.

B.5.3 How to Use It

Draw on the time-graph and model-overlay visualisation designs from this workflow when
designing the visual feedback in the experimental conditions. The concept of showing model
curve vs. actual data, and residual patterns over time, gives participants temporal-semantic
context that a single MAPE number cannot.

B.6 Human-Guided Refinement with Computational Feedback

B.7 Workflow 1.8 — Human-Steered Topic Modelling (UTOPIAN)

Source: Choo et al. [6].

B.7.1 Why It Is Relevant

This workflow exemplifies a general pattern highly pertinent to the project: the human provides
qualitative, semantic guidance (e.g., “these two topics should be merged” or “this keyword is
important for this topic”), and the system incorporates this guidance as soft constraints while
maintaining fit to the data. The result is a semi-supervised loop where human knowledge and
computational optimisation work together.
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B.7.2 What to Study in Detail

The specification artifact for human guidance. User interactions (keyword adjustments,
topic merges, splits) are formalised as reference matrices with supervision weights. The system
then solves a constrained optimisation that regularises toward the user’s intent while still fitting
the data. This is conceptually analogous to what happens in the forecasting scenario: the analyst’s
domain knowledge says “marketing spend should influence subscriptions with a ∼2-week lag,”
and the model should incorporate this as a soft constraint—giving that driver–transformation
combination priority while still optimising overall fit.

The iterative assess–refine–recompute–re-visualise cycle. The user assesses topic quality,
specifies desired changes, the system recomputes, and the updated result is visualised with
animated transitions showing what changed. This cycle—with explicit visual feedback on what
changed as a result of the user’s guidance—is a design pattern the experimental interface could
adopt. After a participant adds or removes a driver, or changes a transformation, the system
should show not just the new MAPE but what changed in the model’s behaviour.

The balance between human guidance and data fit. The system does not blindly follow
the user; it balances user specifications with data evidence. This is an important design principle
for the VA tool: the system should show participants where their domain intuition aligns with
the data and where it conflicts, rather than simply accepting all selections.

B.7.3 How to Use It

Use UTOPIAN as a conceptual model for the human–system interaction design. Participants
inject domain knowledge (driver selection, transformation choice); the system provides feedback
on how well this knowledge aligns with the data. The richer the representational form of this
feedback, the better the participant can calibrate their knowledge—which is precisely the project’s
experimental hypothesis.

B.8 Exploring and Comparing Multiple Models

B.9 Workflow 1.13 — Exploratory Model Analysis

Source: Cashman et al. [5].

B.9.1 Why It Is Relevant

Participants will effectively explore a space of possible models (defined by different driver
selections and transformations). This workflow provides a structured approach to exploring
model alternatives.

B.9.2 What to Study in Detail

The data exploration–model specification–model comparison cycle. Participants first
explore data to identify potentially predictive variables, then specify a modelling problem, then
compare trained models. This three-phase structure maps to the experimental task: participants
explore candidate drivers, select and transform them, then evaluate the resulting model.

The concept of “analytical direction.” The workflow explicitly models the analyst’s evolving
understanding of which variables and model types are promising. In the experimental context,
this corresponds to the participant’s evolving hypotheses about which drivers matter—hypotheses
that are shaped by both their domain knowledge and the VA feedback they receive.
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The diagnostic loop. When models are unsatisfactory, the analyst diagnoses why and returns
to specify a different problem. In the experiment, this corresponds to participants recognising
that their current driver selection yields poor MAPE and needing to understand why in order
to improve it. The richness of the diagnostic feedback is precisely what varies across the three
conditions.

B.9.3 How to Use It

Use this workflow’s phase structure (explore data → specify model → evaluate → diagnose →
refine) as a reference for structuring the task flow in the experiment.

B.10 Probing Feature Effects and Sensitivity

B.11 Workflow 1.17 — What-If Tool: Probing ML Models

Source: Wexler et al. [11].

B.11.1 Why It Is Relevant

The “what-if” probing philosophy aligns with a key aspect of the semantic-gap problem: the
analyst wonders “what if I include this driver with a 2-week lag?” and needs feedback on the
consequence.

B.11.2 What to Study in Detail

Partial dependence analysis. The tool computes how model predictions change as a single
feature varies across its range. In the forecasting context, this could show participants how the
target metric’s predicted value changes as a candidate driver varies—effectively visualising the
marginal effect of each driver. This is a powerful visual encoding that goes beyond a correlation
number.

Feature editing with re-inference. The user edits a feature value and immediately sees
the updated prediction. In the experiment, this maps to the participant adjusting a driver
transformation (e.g., changing lag from one week to two weeks) and immediately seeing the
impact on model predictions. This rapid feedback loop supports the iterative refinement the
study aims to investigate.

Counterfactual identification. The tool finds the nearest data point with a different outcome.
In the forecasting context, this could translate to showing participants examples of time periods
where the target metric behaved differently from their model’s prediction, and highlighting which
driver values differed—providing a data-driven explanation for model errors.

B.11.3 How to Use It

Draw on the partial dependence and feature-editing concepts when designing the interaction
mechanisms in the VA conditions, particularly for Condition C where semantic encoding could
show the causal effect of each driver in domain-meaningful terms.

B.12 Prescriptive Feedback with Iterative Tuning

B.13 Workflow 1.5 — EventAction: Prescriptive Recommendation

Source: Du et al. [7].
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B.13.1 Why It Is Relevant at a Structural Level

Although the domain is different (temporal event sequences, not forecasting), the workflow’s
plan-tuning loop is structurally analogous to what participants do: specify a plan (driver selection
+ transformations), receive feedback on estimated outcomes (predicted MAPE), assess whether
the outcome is satisfactory, and refine the plan.

B.13.2 What to Study in Detail

The plan specification–outcome re-estimation–assessment–refinement cycle. Each
time the user modifies the plan, the system immediately recomputes outcome probabilities and
updates the display. This tight feedback loop is the core interaction pattern the experimental
interface needs to support.

The outcome visualisation design. The system overlays updated outcome probabilities
on the original distribution, showing the impact of the user’s choices as a visual delta. In the
experiment, this could correspond to showing the MAPE improvement (or degradation) resulting
from each driver selection or transformation change, overlaid on the baseline.

B.13.3 How to Use It

Adopt the tight plan → feedback → refine loop as the core interaction pattern across all three
experimental conditions.

B.14 Summary: Mapping Workflows to Project Components

Table 4 summarises the recommended workflows for each component of the project.

Table 4: Mapping from project components to relevant library workflows.
Project Component Workflows What to Look For

Core analytical task (iterative feature se-
lection for regression)

1.10, 1.12 Feature relevance ranking; conditional dis-
tribution displays; feature engineering loop;
feature assessment [8, 3]

Time-series context (temporal driver–
target relationships)

1.11 Visual identification of temporal character-
istics; model-curve-vs-data overlay; resid-
ual displays over time [2]

Human–system interaction design (knowl-
edge injection + computational feedback)

1.8, 1.12 Semi-supervised refinement loop; specifica-
tion artifacts for human guidance; coordi-
nated multi-view assessment [6, 3]

Model exploration and comparison 1.13 Data exploration → model specification →
evaluation → diagnosis cycle; analytical
direction concept [5]

Feature-effect probing (what-if reasoning
about drivers)

1.17 Partial dependence analysis; feature editing
with re-inference; counterfactual identifica-
tion [11]

Tight feedback-loop design (plan → out-
come → refine)

1.5 Plan specification → outcome re-estimation
→ visual impact display → refinement cy-
cle [7]

B.15 Recommendations for Designing the Three Conditions

Based on the workflows above, the three experimental conditions can be framed as follows in
terms of what the library teaches.
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Condition A — Tabular/numerical statistical feedback. Participants receive the same
information that Workflow 1.10 computes (feature relevance scores, model accuracy metrics) but
presented only as numbers and tables. This is the “raw” output of the characterise transforms
without visualisation.

Condition B — Visual statistical encoding. Participants see the ranked small-multiple
conditional-distribution plots from Workflow 1.10 [8] and the model-curve-versus-data overlays
from Workflow 1.11 [2]. These visualisations show the shape of relationships and the temporal
structure of model fit, but without domain-semantic framing. The information is identical to
Condition A but the representational form makes patterns (non-linearity, lag effects, interactions)
perceptually accessible.

Condition C — Semantic visual encoding. Participants see the Condition B visualisa-
tions plus domain-meaningful framing inspired by Workflow 1.12’s coordinated views [3] and
Workflow 1.17’s partial-dependence displays [11]: driver–target relationships are shown with
explicit causal annotations (e.g., labelled lag arrows, named business-cycle effects), and the
partial effect of each driver is displayed in domain terms (e.g., “each additional £1k in marketing
spend is associated with +X subscriptions after Y weeks”). This adds the semantic bridge that
Workflows 1.8 [6] and 1.12 [3] achieve through domain-contextual views.

This interpretation allows testing the core hypothesis—that the representational form, not
the information quantity, drives the closure of the semantic gap—because all three conditions
present the same computed statistics, just in progressively richer representational forms.

B.16 An Additional Suggestion

Consider also studying the structure of the iterative loops across the recommended workflows.
All of them [8, 2, 3, 6] share a common pattern: assess → diagnose → specify refinement →
recompute → re-visualise. The explicit assessment step, where the analyst forms a quality
judgment, is the moment where the semantic gap is either bridged or not.

The project’s qualitative data collection (inline justifications at the moment of each feature-
selection decision) effectively captures this assessment step. The workflow library suggests
that the quality of this assessment—and hence the quality of subsequent refinement decisions—
depends critically on the representational form of the preceding visualisation. This framing could
strengthen the theoretical argument of the dissertation.

43


	Introduction
	Step 1: Providing the Workflow Language Definition
	Step 2: Providing the Workflow Library
	Step 3: Describing the Analytical Goals
	Step 4: Natural-Language Workflow Description
	Step 5: LaTeX Formatting
	Step 6: Workflow Diagram
	Step 7: Diagram Refinement
	Observations
	Scenario 2: Advising a Diploma Student
	The Student's Project Proposal
	Matching Library Workflows to the Student's Problem
	Key Differences from the Bike-Sharing Scenario
	Contribution to the Student's Experimental Design

	Recommended Workflow for Analysing Bike-Sharing Spatio-Temporal Patterns
	Overview
	Phase 0: Defining Places from Docking Stations
	What You Do
	Where to Find Relevant Examples

	Phase 1: Aggregating Trip Data and Computing Availability
	What You Do
	Where to Find Relevant Examples

	Phase 2: Discovering Temporal Patterns through Day Clustering
	What You Do
	Where to Find Relevant Examples

	Phase 3: Identifying and Analysing Critical Events
	What You Do
	Where to Find Relevant Examples

	Phase 4: Building Predictive Demand-Supply Models
	What You Do
	Where to Find Relevant Examples

	Phase 5: Developing and Validating the Allocation Strategy
	What You Do
	Where to Find Relevant Examples

	Phase 6: Synthesising Knowledge
	What You Do

	Summary of Key References
	ATWL representation

	Relevant Workflow Examples for a Dissertation Project on Expert-Knowledge-Enhanced Financial Forecasting through Visual Analytics[6pt] Recommendations Based on an ATWL Workflow Library
	The Feature-Selection and Model-Building Task
	Workflow 1.10 — Partition-Based Regression Modelling
	Why It Is the Single Most Relevant Reference
	What to Study in Detail
	How to Use It

	Workflow 1.12 — Feature Engineering for Behaviour Pattern Recognition
	Why It Matters
	What to Study in Detail
	How to Use It

	Time-Series Modelling and Temporal Relationship Visualisation
	Workflow 1.11 — Spatio-Temporal Analysis and Modelling
	Why It Is Relevant
	What to Study in Detail
	How to Use It

	Human-Guided Refinement with Computational Feedback
	Workflow 1.8 — Human-Steered Topic Modelling (UTOPIAN)
	Why It Is Relevant
	What to Study in Detail
	How to Use It

	Exploring and Comparing Multiple Models
	Workflow 1.13 — Exploratory Model Analysis
	Why It Is Relevant
	What to Study in Detail
	How to Use It

	Probing Feature Effects and Sensitivity
	Workflow 1.17 — What-If Tool: Probing ML Models
	Why It Is Relevant
	What to Study in Detail
	How to Use It

	Prescriptive Feedback with Iterative Tuning
	Workflow 1.5 — EventAction: Prescriptive Recommendation
	Why It Is Relevant at a Structural Level
	What to Study in Detail
	How to Use It

	Summary: Mapping Workflows to Project Components
	Recommendations for Designing the Three Conditions
	An Additional Suggestion


