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Abstract—This study develops an interactive Tableau-based
visualisation system to analyse the structural evolution and
spatial disparities of housing tenure across England and Wales.
By integrating six structured tables from the 2011 Census with
supplementary datasets on house prices and household income,
a unified dataset comprising 1,227 variables was constructed.
Dimensionality reduction techniques, including principal compo-
nent analysis (PCA) and uniform manifold approximation and
projection (UMAP), were applied to uncover latent socioeconomic
structures. A Bayesian regression model was then employed to
forecast local tenure compositions in 2031, using the TS054 table
from the 2021 Census as a validation benchmark. The dashboard
comprises four analytical modules—trend analysis, affordability
assessment, factor modelling, and data access—spread across
thirteen interactive pages. User evaluations confirm the dash-
board’s clarity, interpretability, and practical utility. The system
demonstrates how multimodal visual analytics and statistical
modelling can be effectively combined to support evidence-based
housing policy and public understanding of inequality.

Index Terms—Housing visualization, PCA, UMAP, Bayesian
forecasting, census data, Tableau dashboard

I. INTRODUCTION

In recent years, the UK housing crisis has emerged as one
of the most pressing socio-economic challenges of the 21st
century. Since the 1980s, housing affordability has consistently
declined, the stock of social housing has significantly dimin-
ished, and intergenerational inequalities in home ownership
have worsened, reshaping the residential landscape across the
country [11], [16]. For example, in 1991, 67% of individuals
aged 25 to 34 owned homes in the UK, whereas by 2021, this
figure had plummeted to just 36% [10], [20]. Such transforma-
tions in the housing system have exacerbated spatial structural
inequality, deepened generational divides, and fuelled political
dissatisfaction [14], making housing a pivotal issue in social
cohesion and public policy discourse.

Despite ongoing academic efforts, there remain critical gaps
in understanding the mechanisms behind housing evolution
and effective policy responses. On one hand, economic studies
often focus on single-dimensional metrics such as the price-to-
income ratio [13], while sociological research tends to interpret
inequality through changes in housing rights [19]. However,
both perspectives frequently lack systematic integration of
multidimensional data, limiting comprehensive explanations
of the drivers behind structural changes. On the other hand,
conventional statistical analyses typically present static results

and seldom incorporate interactive geographic models. This
limits the clarity with which spatial housing pressures—such
as those between metropolitan London and rural Wales—can
be perceived [17], thereby weakening policy foresight and in-
creasing reliance on reactive rather than anticipatory measures.

This study aims to address these limitations by constructing
a visual dashboard of housing evolution for England and
Wales. Built on the 2011 UK Census and leveraging Table
TS054 on tenure composition alongside 1,227 socioeconomic
variables, our project standardises and models this data to
forecast the composition of housing types in 2031 using
Bayesian regression methods [9], [12]. A multi-modal, inter-
active analysis platform is developed in Tableau, consisting of
four core components:

• Trend Analysis Module: illustrates generational shifts
in tenure structure by comparing housing ownership pat-
terns between 2011 and 2021, with Bayesian regression
projections to 2031.

• Affordability Mapping Module: visualises regional
stress using composite metrics such as price-to-income
ratio, household income, and overcrowding levels, en-
abling multi-dimensional assessment of affordability
across England and Wales.

• Factor Modelling Module: applies principal component
analysis (PCA) to extract latent socioeconomic dimen-
sions—such as employment, income, and education—that
shape housing outcomes, and employs UMAP to visualise
nonlinear structures and regional disparities.

• Data Access Module: provides interactive tables sum-
marising core datasets used in the analysis, including
housing trends (2011–2031), tenure composition, and
factor loadings. Users can explore, compare, and export
data to support further investigations.

By integrating heterogeneous data sources and transforming
them into visual narratives, the dashboard not only sup-
ports simulations of policy scenarios—such as the effect of
increased social housing supply in a given area—but also
identifies high-pressure zones, such as coastal urban areas
with ageing rental populations [18]. The project makes novel
contributions in terms of data integration, interactive visual-
isation, and policy relevance, offering a new paradigm for
studying housing affordability grounded in structure, space,



and evolution.

II. DATA PREPARATION

This section describes the complete data preparation process
for the visualisation of housing tenure structures. The work-
flow is divided into two stages. The first stage, detailed in Sec-
tion II-A, involves overall data processing based on the 2011
and 2021 UK Census and auxiliary datasets. This includes
variable construction, spatial harmonisation, standardisation,
dimensionality reduction, and trend forecasting. The second
stage, described in Section II-B, constructs structured data
tables specifically for Tableau visualisation, supporting afford-
ability mapping, factor analysis, and temporal comparison.

A. Overall Data Preparation for Tableau

1) Variable extraction and integration (2011 Census):
Six structured tables from the 2011 UK Census were se-
lected, covering tenure types, bedrooms, household structure,
education, employment, and social class. The tables were
aligned and merged using consistent keys to construct two
variable systems. Target variables (Y) describe housing tenure
types, while explanatory variables (X) capture socioeconomic
characteristics. A total of 1226 X variables and 350 Y variables
were built.

TABLE I
CENSUS TABLES USED FOR VARIABLE CONSTRUCTION

Code Table Name Purpose
LC4101EW Tenure by Age Target variable (Y)
LC4103EW Tenure by Activity Target variable (Y)
LC4601EW Household Composition Explanatory variable (X)
WD501EW Highest Qualification Explanatory variable (X)
LC4605EW Economic Activity Explanatory variable (X)
LC4405EW NS-SeC Explanatory variable (X)

2) Missing value detection: After variable construction, all
Y variables were checked. No missing values were found
across local authority districts, so no imputation or deletion
was required.

3) Standardisation: To improve model robustness and com-
parability, Z-score standardisation was applied to X, Y, and
combined YX matrices. Each variable was scaled to mean
zero and standard deviation one.

4) Dimensionality reduction: PCA was applied to extract
components from the 1226 X variables. The top 10 compo-
nents explained 95 percent of variance. The top 5 were retained
and interpreted using loadings.

LDA was tested but showed overfitting, so was excluded.
UMAP was then used with parameters n neighbors = 15,
min dist = 0.1, using Euclidean distance. It revealed two major
spatial housing structure clusters.

5) Tenure harmonisation with 2021 data: Table TS054
from the 2021 Census was mapped to the 2011 LAD bound-
aries using the ONS conversion table. Four unmatched districts
were removed to ensure spatial alignment.

6) Forecasting housing structure in 2031: A Bayesian
polynomial regression model was used to predict tenure com-
position in 2031 for each LAD, based on 2011 and 2021
records. Confidence intervals were included.

B. Table Construction for Tableau

This section describes the construction of three primary data
tables for Tableau visualisation: affordability, factor structure,
and trend evolution.

1) Affordability assessment table: House price, household
income, and bedroom count variables were integrated to com-
pute price-to-income ratio and crowding ratio. All variables
were standardised. A label was added to describe the dominant
pressure type.

2) Factor analysis table: PCA scores, UMAP coordinates,
and cluster labels were joined into a structured table. This
supports visualisation of housing structural types and socioe-
conomic drivers.

3) Trend analysis table: Tenure data from 2011, 2021, and
the 2031 forecast were merged into a single longitudinal table.
The data support temporal charts and structural comparisons.

III. TASK DEFINITION

This section adopts a user-centered perspective and applies
the task abstraction model proposed by Munzner (2014) to
analyze the design of each Tableau dashboard page. The
framework defines visual tasks from three dimensions: Why
(task motivation), What (task type), and How (interaction
method). Using this structure, each dashboard page is aligned
with practical analytical goals, ensuring both usability and
task-oriented design.

In the Why dimension, the system supports two main user
needs: exploratory tasks (Explore), where users seek patterns,
trends, or spatial differences; and presentation tasks (Present),
where users review conclusions and structured results. Some
pages also serve supporting goals such as data lookup.

In the What dimension, tasks include comparing variables
over time or space (Compare), locating areas (Locate), identi-
fying extremes (Identify or Rank), abstracting latent structures
(Abstract), exploring causal relationships (Relate), and retriev-
ing modeling results (Lookup). These collectively reflect the
multi-layered nature of housing analysis.

In the How dimension, the dashboard supports map clicking,
dropdown filters, chart linking, sliders, and projection scatter
plots. These enable both granular and multi-variable explo-
ration.

For instance, in the TA Visualisation page, users can select
between 2011 and 2031 tenure data (Why: Explore, What:
Compare), and click the map to view predictions (How:
spatial interaction). In FA Factor Effects, users relate PCA
components to tenure metrics (Why: Explore, What: Relate)
and observe clustering through UMAP (How: projection and
interaction).

In summary, the Tableau dashboard integrates multiple task
levels, visual modes, and interaction methods to support four
analytical paths: trend tracking, spatial differentiation, factor



TABLE II
SUMMARY OF DATA PREPARATION WORKFLOW

Step Purpose Key actions

Step 1: Cleaning and integration Construct variable matrix from 2011
data

Merge 6 census tables (tenure, bedroom, activity, etc.); extract core X and
Y variables

Step 2: Spatial harmonisation Standardise LAD geography across
years Use ONS mapping table to convert 2021 LAD to 2011 LAD format

Step 3: Affordability metrics Compute PIR and crowding Collect house price and income; calculate price-to-income and crowding
ratios; impute with Bayesian ridge regression

Step 4: Dimensionality reduction Compress high-dimensional
variables

Apply PCA to extract 5 principal components; apply UMAP for 2D
projection

Step 5: Forecasting 2031 tenure Predict housing structure change Apply Bayesian regression to estimate tenure composition and uncertainty
Step 6: Table merging Prepare Tableau dataset Combine standardised PCA, UMAP, cluster, forecast results into final table
Tableau trend module Show housing changes over time Use stacked bar charts and maps
Tableau affordability module Show spatial housing stress Use maps and pie charts to show affordability conditions
Tableau factor module Show spatial patterns Use PCA and UMAP results to visualise clustering

TABLE III
TASK STRUCTURE BY DASHBOARD PAGE

No. Page Title Why (Motivation) What (Task Type) How (Interaction)
1 Welcome Page Present Summarize Static layout and text
2 Dashboard Menu Present Lookup Button navigation

3.1 TA Visualisation Explore Compare, Characterize Year selector, map click
3.2 TA Conclusion Present Summarize, Identify Annotated text
4.1 AA Ownership Overview Explore Compare, Locate Filter map, dropdown
4.2 AA Tenure Composition Explore Compare, Rank Bar and map linked
4.3 AA Housing Affordability Explore Locate, Rank Metric selector, map click
5.1 FA Factor Overview Present Abstract, Summarize PCA variance and loadings
5.2 FA Factor Effects Explore Relate, Cluster UMAP scatter plot
5.3 FA Conclusion Present Summarize, Explain Descriptive text
6.1 Housing Trends Table Present Lookup, Abstract Data table
6.2 Tenure Type Table Present Compare, Summarize Year switch, table
6.3 Factor Analysis Table Present Abstract, Explain Table with z-score variables

TABLE IV
ANALYTICAL OBJECTIVES BY DASHBOARD PAGE

No. Page Title Description of Analytical Goal
1 Welcome Page Guide users to understand the research background, data source, and dashboard structure
2 Dashboard Menu Provide functional navigation to trend analysis, affordability, factor analysis, and data tables

3.1 TA Visualisation Present 2011 to 2031 tenure changes, emphasize forecast range and regional dynamics
3.2 TA Conclusion Summarize key insights, highlight notable regions, and suggest policy relevance
4.1 AA Ownership Overview Display spatial distribution of ownership types (outright, mortgage)
4.2 AA Tenure Composition Compare rental versus ownership structure across areas
4.3 AA Housing Affordability Map price, income, and crowding to evaluate affordability stress
5.1 FA Factor Overview Show PCA variance and loadings, abstract latent dimensions
5.2 FA Factor Effects Analyze relationships between factors and tenure metrics; observe clusters
5.3 FA Conclusion Interpret socio-economic meanings and policy implications of major components
6.1 Housing Trends Table Present data supporting temporal analysis and model replication
6.2 Tenure Type Table Show raw data on tenure breakdowns across years
6.3 Factor Analysis Table Display PCA inputs and standardised values for transparency

interpretation, and model support. Each page is grounded
in specific user tasks, enhancing usability, transparency, and
policy relevance.

IV. VISUALISATION JUSTIFICATION

To ensure a strong alignment between visualisation design
and analytical tasks, the Tableau dashboard was developed
under a task-driven principle. The system contains 13 dash-
boards, logically grouped into five modules: the welcome
and navigation interface (dashboards 1–2), trend analysis
(dashboards 3.1–3.2), affordability assessment (dashboards

4.1–4.3), factor analysis of ownership drivers (dashboards
5.1–5.3), and supporting data tables (dashboards 6.1–6.3). This
modular structure covers the full analytical pipeline—from
background orientation and trend detection to structural ex-
planation, factor modelling, and raw data verification—thereby
enhancing interpretability and systematic reasoning.

A. Welcome and Navigation Interface (dashboards 1–2)

The welcome dashboard adopts a left-right layout: the left
side presents structured textual content outlining the research
goals, data sources, and methodological framework, while the



right side displays a real photo of the University of Bristol.
This dashboard contains no interactive elements and serves
as a contextual introduction. The text highlights the use of
the 2011 and 2021 Census data and a Bayesian modelling
approach to forecast the housing structure for 2031. It also
outlines the four analytical modules: trend analysis, factor
analysis, affordability assessment, and spatial clustering. The
absence of charts or interactivity ensures visual simplicity and
minimises the cognitive load for first-time users.

The dashboard menu adopts a modular navigation design.
The right section presents concise summaries of each module,
while the left features clickable black rectangular buttons
allowing users to jump directly to one of the four main analyti-
cal components. This side-by-side text-and-icon layout clearly
communicates the system structure and optimises interaction
flow, especially helpful for task-oriented exploratory analysis.

B. Trend Analysis Module (dashboards 3.1–3.2)

This module reveals the evolution of housing tenure struc-
tures from 2011 to 2031 and uses geovisualisation to detect
spatial divergence trends.

Dashboard 3.1 combines three visual perspectives—total
forecast, structural comparison, and spatial distribu-
tion—within a composite layout. The top-left contains
two bar charts: one shows predicted population counts by
tenure type for 2031, while the other illustrates confidence
intervals using error bars. This method improves categorical
clarity over line or area charts, especially in communicating
forecast uncertainty. The results suggest that while “Owned
Outright” remains dominant, “Private Rented” grows
significantly, signalling structural shifts in the rental market.

The bottom-left shows a stacked bar chart comparing tenure
composition between 2011 and 2031. The choice of stacking
over separate bars or lines enables effective depiction of
compositional shifts. “Mortgaged” increases slightly, “Pri-
vate Rented” rises sharply, and “Social Rented” remains sta-
ble—indicating increased rental pressure without proportional
public housing support.

On the right, a choropleth map projects 2031 ownership
rates with a toggle for “Owned Outright”, “Mortgaged”, and
“Overall Ownership”. Sequential gradient colour encoding
facilitates spatial comparison, and the map is interactively
linked with Top 5 / Bottom 5 bar charts. Clicking a region
dynamically updates the extreme value rankings, embedding
local detail in broader patterns. This interactive mapping
outperforms static visuals or tables in anomaly detection.
For instance, areas such as Cornwall and Wokingham show
high ownership rates, while urban cores like Birmingham
and Manchester reveal low ownership, typifying a suburban-
ownership versus urban-rental split.

Dashboard 3.2 summarises six key conclusions in modular
text blocks, improving accessibility for policy analysts and
non-technical users. Insights include rising ownership, regional
concentration of Outright tenure, urban rental dominance, stag-
nation of social housing, intensifying inequality, and increased
policy pressure.

Overall, the trend module adopts a tiered visualisation strat-
egy—bar, stacked, and map charts—supported by interactive
mechanics and textual synthesis. This aligns with Munzner’s
“task–encoding” matching principle: bar charts for structural
comparison, stacked bars for evolution, and maps for spatial
analysis—enhancing multilevel trend exploration.

C. Affordability Assessment Module (dashboards 4.1–4.3)

This module evaluates spatial patterns of ownership, rental
structures, and housing affordability using core indicators to
identify areas of housing stress. It consists of three dashboards:
Ownership Overview, Tenure Composition, and Housing Af-
fordability.

Dashboard 4.1 features a toggleable choropleth map show-
ing “Ownership Rate”, “Owned Outright %”, and “Mortgaged
%”, with darker shades indicating higher values. Top 5 /
Bottom 5 bar charts to the right enhance outlier visibility.
Drop-down menus allow indicator selection and map inter-
activity triggers updates to the ranking charts. Observations
include higher ownership rates in suburbs and small towns
than in London cores; high outright ownership along coastal
retirement belts; and high mortgage rates in commuter zones—
revealing structural pressures on younger buyers.

Dashboard 4.2 combines a national pie chart, a stacked bar
chart, and a regional map. The pie chart shows the national
split between ownership (66.8%) and rental (33.2%). The
central stacked bar chart displays tenure composition across
regions, with colour-coded categories for visual clarity. The
lower-right map shows spatial patterns of selected indicators,
such as “Total Rental %”, revealing high rental shares in
urban cores. This design enables analysis at multiple scales—
from national to regional—highlighting suburban ownership
and urban rental dominance.

Dashboard 4.3 focuses on economic stress and living con-
ditions. It includes toggleable maps for “Income” and “House
Price”, coloured using sequential gradients. Two donut charts
illustrate average household size (2.4 persons) and youth
ownership (only 40% for ages 25–34). A small pie chart
categorises crowding levels (Crowded, Moderate, Spacious).
Text summaries highlight three findings: the affordability
gap between income and house prices, spatial inequalities in
crowding, and moderate living conditions for most but severe
overcrowding in high-cost regions.

D. 4.4 Factor Analysis and Data Support Module (dashboards
5.1–6.3)

This module reveals socioeconomic drivers of housing
ownership through PCA and UMAP clustering. It consists of
visualisations for factor extraction, variable relationships, and
policy implications.

Dashboard 5.1 “FA Factor Overview” uses a bubble plot
to show explained variance per factor and a stacked bar chart
to display variable loadings by category. Colours indicate do-
mains (e.g., housing, economy), and hover text shows loading
values. This design enhances interpretability over traditional
tables. For example, FA1 (Working Age Housing-Economy



Axis) combines Outright Ownership, Elderly Population, and
Employment—signalling a “stable elderly low-debt” pattern.
FA2 (Household Size vs Housing Capacity) highlights Pri-
vate Rent, Overcrowding, and Low Education—representing
“crowded-rental-low skill” structures.

Dashboard 5.2 “FA Factor Effects” explores relationships
between factors and housing variables. An interactive scat-
terplot enables custom variable combinations with colour-
coded factor scores. A UMAP plot visualises socioeconomic
types spatially (e.g., aging-low density, rental-stressed). A
geographic heatmap shows factor scores across regions. These
charts reveal patterns like high FA2 scores in rental-dense
urban zones and high FA1 scores in elderly suburban clus-
ters—confirming model validity and supporting intervention
strategies.

Dashboard 5.3 “FA Conclusion” summarises each factor’s
meaning via structured paragraphs and a background image.
Five axes are defined: aging-stability, rental-crowding, edu-
cation level, household burden, and youth-mortgage stress.
For instance, the “youth-mortgage axis” identifies urban youth
with high loans and rents, supporting potential policies like
rental caps and subsidies.

E. 4.5 Data Support Module (dashboards 6.1–6.3)

This module contains three data dashboards supporting prior
visualisations and ensuring analytical traceability: the Housing
Trends Table (dashboard 6.1), Tenure Type Table (dashboard
6.2), and Factor Analysis Table (dashboard 6.3).

Dashboard 6.1 shows a long-format table of regional statis-
tics from 2011–2021, including population, median house
price, income, and bedroom counts—serving as inputs for
2031 forecasts. Users can verify visualisation accuracy or
conduct custom analysis. Data reveals faster house price
increases relative to income, and an aging + smaller household
trend—justifying all subsequent modelling.

Dashboard 6.2 presents 2021 tenure data (Owned Outright,
Mortgaged, Private Rented, Social Rented) in a standard table.
This complements the visual trends in dashboard 3.1 with
precise regional figures. It allows export for modelling, policy,
or comparative research. Findings confirm declining mortgage
shares and rising private rental, especially in cities and coastal
areas. Shrinking social housing suggests long-term supply
issues.

Dashboard 6.3 displays standardised input variables for
factor analysis—covering housing size, unemployment, edu-
cation, health, and crowding. All were normalised (mean=0,
std=1) to ensure scale comparability. Users can export data
for further analysis. Results show structural differences across
regions—e.g., inner London with high overcrowding and rent
burden—validating earlier spatial clustering.

Overall, this module emphasises data transparency and
modelling traceability. Dashboards support model backtracing,
user-led analysis, and policy review. Their high information
density and interactivity complement visual elements and form
a critical bridge between raw data and summarised insights.

V. VISUALISATION JUSTIFICATION

This project’s visualisation design follows the theoretical
framework of “task–encoding–channel matching” as proposed
by Munzner [6], combined with principles of perceptual
salience, cognitive load, and grammar of graphics. The overall
system comprises five analytical modules, each aligned with
a specific information task: trend exploration, structural in-
terpretation, pressure assessment, factor explanation, and data
support. The following paragraphs justify the visual design
choices on a per-dashboard basis.

In the Trend Analysis Module, a combination of bar charts,
stacked bars, and forecast choropleth maps was used to
visualise the evolution of housing structure between 2011
and 2031. According to Cleveland and McGill [2], posi-
tion and length are the most accurate visual channels for
human perception, thus stacked bar charts were selected to
compare historical and forecasted proportions across housing
categories. To convey spatial heterogeneity, choropleth maps
were used, mapping geographic coordinates to spatial posi-
tion and colour luminance to variable values. This design
suits “compare across space” and “summarize across group”
tasks [6]. The interaction between the map and the ranked bar
charts reinforces performance on “find extremum” tasks by
highlighting maximum/minimum areas.

In the Affordability Assessment Module, the goal was to
reveal regional disparities in housing pressure and living con-
ditions. Pie charts and donut charts were employed to present
composition and population indicators, while the choropleth
map enabled users to toggle between “Income”, “House
Price”, and related metrics. The maps used sequential palettes
recommended by ColorBrewer [1] to minimise perceptual
bias, consistent with MacKinlay’s recommendations on colour
luminance ranking [21]. Textual descriptions placed adjacent
to visuals reduce cognitive load and enhance comprehension
speed [24]. Collectively, the three dashboards support “locate”
and “relate” analysis tasks by bridging spatial and socioeco-
nomic indicators.

In the Factor Analysis Module, PCA and UMAP were
applied to extract latent socioeconomic dimensions. PCA
charts include bubble plots and stacked bars to convey variance
explained and variable contributions per factor. UMAP pro-
jections visualise non-linear relationships and local clustering
trends. The combined use of these techniques supports both
“explain” and “cluster” tasks, aligning with Liu et al.’s recom-
mendations on hybrid projection strategies [22]. Factor score
maps translate abstract dimensions back to geographic space,
enhancing the user’s understanding of structural mechanisms
in spatial terms.

In the Data Support Module, all raw input variables and
model results were displayed in tabular format. This decision
is based on the classic principle that “table beats chart when
task is value retrieval” [23], which is particularly suited for
checking field values or tracing modelling inputs. Compared
with graphical representations, tables enable faster copying,
easier cross-referencing, and better format control—thus serv-



ing users involved in reporting, auditing, or policy drafting.
Across all dashboards, the visual designs are grounded

in clear task–visual encoding alignment and human-centered
cognitive theory. The selection of visual forms balances visual
channel effectiveness, data structure complexity, and user task
specificity. Through coordinated use of colour, spatial position,
and shape, the system improves interpretability, interactivity,
and actionability, forming a multi-level visual framework
tailored to policy research and spatial decision-making.

VI. EVALUATION

This dashboard design adheres to established visualisation
theory and best practices. It draws upon Munzner’s nested
model to guide task–channel alignment and design validation,
ensuring that visual encodings match both analytical intent and
user perception (Munzner, 2014). Across four analytical mod-
ules—the Trend Analysis Module, Affordability Assessment
Module, Factor Analysis Module, and Data Support Mod-
ule—each visual method is grounded in cognitive, geographic,
or statistical justification.

In the Trend Analysis Module, bar and stacked bar charts
were used to illustrate changes in housing tenure between 2011
and 2031. These formats leverage length and aligned posi-
tion—the most perceptually accurate channels for comparing
quantitative values (Cleveland and McGill, 1984). Choropleth
maps were used to encode spatial heterogeneity, applying
equal-area classification schemes (Slocum et al., 2005) rather
than equal interval or quantile methods. This approach pre-
serves area-weighted balance and avoids dominance of small
but densely populated zones.

The Affordability Assessment Module combines thematic
mapping with ring and pie charts to present disparities in
income, housing costs, and overcrowding. Sequential colour
palettes were applied following cartographic conventions
and perceptual guidelines (Brewer, 1999), ensuring legibility
across regions. To reduce cognitive load, contextual annota-
tions and data labels were placed close to corresponding visual
elements, supporting information retention and visual scanning
(Heer and Bostock, 2010). Each dashboard facilitates compar-
ative, relational, and extremum-finding tasks in a cognitively
efficient manner.

The Factor Analysis Module integrates PCA and UMAP
visualisation to model structural determinants of housing
tenure. PCA outputs use stacked bars and bubble plots to
display explained variance and factor loadings, while UMAP
reduces high-dimensional data to two-dimensional semantic
clusters. This dual approach enables both global and local
structure interpretation, consistent with Liu et al. (2017)’s
recommendations for multidimensional analysis. Factor score
maps further project abstract components back into spatial
context, supporting exploratory spatial analysis and regional
classification.

The Data Support Module relies on structured tables for pre-
senting original variables, transformed indicators, and model
outputs. Empirical studies have shown that tables outperform
charts for precise value lookup tasks (Few, 2004; Shneiderman,

1996). These dashboards serve as transparent repositories
for raw and derived data, allowing end-users to validate all
analytical assumptions, extract detailed variables, and conduct
further modelling beyond the dashboard.

Overall, this system demonstrates high fidelity to task-
specific visual encoding theory. All design decisions—from
chart type to colour scheme and layout—were informed by
evidence-based guidelines to maximise interpretability, com-
parability, and cognitive efficiency.

VII. CONCLUSION

This project presents a structured, multi-level visualisation
system to analyse the evolution of housing structures and
affordability across England and Wales. Through the develop-
ment of an interactive Tableau dashboard composed of thirteen
interconnected dashboards, the study delivers both data-driven
insights and policy-relevant visual analytics.

A. Findings from Visualised Housing Data
The Trend Analysis Module demonstrates that ownership

remains the dominant tenure type, particularly in suburban and
rural areas, while rental demand is projected to rise in urban
centres by 2031. Age structure remains a key determinant of
tenure: in 2011, 76% of residents aged 65+ owned their home,
compared to only 40% among those aged 25–34, indicating
significant generational disparities. This pattern is expected to
persist and intensify.

The Affordability Assessment Module reveals spatial dis-
parities in housing stress, showing that regions with high
prices, low income, and high overcrowding tend to overlap,
forming affordability “pressure belts.” Urban areas, especially
inner London and coastal cities, show high rental rates and
affordability challenges. At a national level, 66.8% of resi-
dents occupy owned housing, while 33.2% are renters—split
nearly equally between private and social rentals. Single-
person households are more likely to rent and experience
space constraints, whereas larger households tend to access
ownership.

The Factor Analysis Module extracted five major socioe-
conomic dimensions from the data, explaining over 90% of
total variance. These dimensions reflect core drivers such
as income level, employment status, educational attainment,
age composition, and rental dependence. The analysis shows
that employed, higher-income, and better-educated populations
are more likely to own property, while rental prevalence
is linked to unemployment and youth concentration. These
factors were spatially projected, revealing clear clusters of
ownership stability and rental vulnerability.

The Data Support Module ensures full traceability and
transparency. All underlying variables and model inputs are
made accessible, supporting academic reproducibility and pol-
icy auditability.

B. Reflections on Information Visualisation
Throughout this coursework, I gained a deeper appreciation

for how large-scale data visualisation can bridge the gap be-
tween complex statistical findings and user understanding. One



of the key challenges was to ensure that users could not only
explore the data, but also intuitively grasp the implications of
housing inequality. To this end, I applied task-oriented design
strategies, structuring the dashboard into logically separated
modules and guiding users through visual narratives supported
by contextual annotations.

Effective communication was achieved by matching vi-
sual encodings to analytical goals: line charts and area fills
were used for longitudinal tenure trends, diverging bar charts
highlighted regional disparities, and colour gradients in maps
intuitively conveyed affordability pressure. I learned that care-
ful selection of visual channels—such as position over area,
or saturation over hue—can significantly improve perception
accuracy and reduce cognitive overload.

In handling large datasets, I also confronted the limita-
tions of visual scalability. Working with over a thousand
geographic areas and multidimensional variables necessitated
summarisation techniques such as PCA, aggregation functions,
and responsive filters. This reinforced my understanding of
the trade-offs between granularity and readability, and the
importance of interactive mechanisms to preserve detail-on-
demand functionality.

Ultimately, this project taught me that effective visualisation
is not about showing everything, but about curating data in a
way that supports user reasoning. It is a synthesis of statistical
rigour, perceptual design, and communicative clarity. By de-
signing a system that allows users to see both the structure and
the story behind housing data, I translated technical analysis
into accessible insights.
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