
This is a repository copy of Wiz: a web-based tool for interactive visualization of big data.

White Rose Research Online URL for this paper:
http://eprints.whiterose.ac.uk/169616/

Version: Published Version

Article:

Balzer, C., Oktavian, R., Zandi, M. et al. (2 more authors) (2020) Wiz: a web-based tool for
interactive visualization of big data. Patterns, 1 (8). 100107. ISSN 2666-3899 

https://doi.org/10.1016/j.patter.2020.100107

eprints@whiterose.ac.uk
https://eprints.whiterose.ac.uk/

Reuse 

This article is distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs 
(CC BY-NC-ND) licence. This licence only allows you to download this work and share it with others as long 
as you credit the authors, but you can’t change the article in any way or use it commercially. More 
information and the full terms of the licence here: https://creativecommons.org/licenses/ 

Takedown 

If you consider content in White Rose Research Online to be in breach of UK law, please notify us by 
emailing eprints@whiterose.ac.uk including the URL of the record and the reason for the withdrawal request. 



Descriptor

Wiz: A Web-Based Tool for Interactive Visualization
of Big Data

Graphical Abstract

Highlights

d Freely accessible web app for interactive big data

visualization

d Built modularly for easily incorporation of new data analytics/

visualization features

d Lowers the barrier to entry for visualizing large datasets

Authors

Christopher Balzer, Rama Oktavian,

Mohammad Zandi,

David Fairen-Jimenez,

Peyman Z. Moghadam

Correspondence

df334@cam.ac.uk (D.F.-J.),

p.moghadam@sheffield.ac.uk (P.Z.M.)

In Brief

Data have become bigger than ever

thanks to strides in computing and high-

throughput experimental methods.

Visualizing these large and complex

datasets effectively requires the ability to

quickly explore and interpret subsets of

the data. Most tools for effective

visualization require user programming or

expensive commercial software. Wiz is a

freely accessible web app that anyone

with a browser can use to interactively

visualize their data in multi-dimensions

without any knowledge of a programming

language.

Balzer et al., 2020, Patterns 1, 100107

November 13, 2020 ª 2020 The Authors.

https://doi.org/10.1016/j.patter.2020.100107 ll



Descriptor

Wiz: A Web-Based Tool
for Interactive Visualization of Big Data

Christopher Balzer,1,2 Rama Oktavian,1 Mohammad Zandi,1 David Fairen-Jimenez,3,* and Peyman Z. Moghadam1,4,*
1Department of Chemical and Biological Engineering, University of Sheffield, Sheffield S1 3JD, UK
2Division of Chemistry and Chemical Engineering, California Institute of Technology, Pasadena, CA 91125, USA
3Adsorption & Advanced Materials Laboratory (A2ML), Department of Chemical Engineering & Biotechnology, University of Cambridge,

Cambridge CB3 0AS, UK
4Lead Contact

*Correspondence: df334@cam.ac.uk (D.F.-J.), p.moghadam@sheffield.ac.uk (P.Z.M.)

https://doi.org/10.1016/j.patter.2020.100107

SUMMARY

In an age of information, visualizing and discerning meaning from data is as important as its collection. Inter-

active data visualization addresses both fronts by allowing researchers to explore data beyond what static

images can offer. Here, we present Wiz, a web-based application for handling and visualizing large amounts

of data. Wiz does not require programming or downloadable software for its use and allows scientists and

non-scientists to unravel the complexity of data by splitting their relationships through 5D visual analytics,

performing multivariate data analysis, such as principal component and linear discriminant analyses, all in

vivid, publication-ready figures. With the explosion of high-throughput practices for materials discovery, in-

formation streaming capabilities, and the emphasis on industrial digitalization and artificial intelligence, we

expect Wiz to serve as an invaluable tool to have a broad impact in our world of big data.

INTRODUCTION

Scientific data become bigger andmore complex each year. The

development of new simulation techniques for materials charac-

terization and generation of databases for various functional ma-

terials has led to the emerging area of large-scale computational

screening where properties of thousands, or millions, of mate-

rials can be assessed using fast computing clusters.1–3 In paral-

lel, development of new, automated instruments allows re-

searchers to perform high-throughput experiments to design

and discover new materials.4,5 While this idea has long been

essential for industrial-driven fields, such as drug discovery,

the last decade has seen an uptick in high-throughput screen-

ings in various fields within material science, chemistry, and

biotechnology.6–10 Such experimental/computational efforts

generate high-dimensional datasets with complex relationships

between the variables. The ability to derive meaningful relation-

ships from such large datasets depends on our access to anal-

ysis tools. In particular, data visualization tools play an essential

role in understanding and communicating results from large

datasets.

Standard data visualization is quite routine in developed soft-

ware, such as Python, MATLAB, R, and Excel; however, static,

2D images naturally fail to capture the full story of a complex

THE BIGGER PICTURE As data become bigger and more complex, ready-to-use visualization techniques

are crucial in discovering patterns in unstructured data. Most methods to visualize big data effectively

require access to commercial software or expertise in a programming language. Here, we introduce Wiz,

a freely accessible web app that anyone with a browser can use to interactively visualize their data in

multi-dimensions. Wiz serves as a framework for interactive dashboards that can be utilized by researchers

to make their publication data available or commercially for Industry 4.0 applications via serving real-time

data fromprocess equipment.Wiz will continue to grow in functionality to be a one-stop-shop for both inter-

active data visualization and data analysis in the coming years.

Development/Pre-production: Data science output has been

rolled out/validated across multiple domains/problems

Patterns 1, 100107, November 13, 2020 ª 2020 The Authors. 1
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dataset. As outlined in the classical work by Shneiderman,11

effective visualization of large datasets requires some degree

of interactivity, or a user-controlled experience. In academia,

many online journals have started fighting against static figures

in favor of interactive, or ‘‘living’’ figures.12 Interactive figures

give readers the ability to zoom in-on, click on, and pan across

the underlying data in a figure. Not only does this give readers

increased ability to understand authors’ conclusions but living

figures enhance access to the underlying dataset, facilitate

reproducibility, and encourage potentially new conclusions to

be made about a dataset. However, without universal adoption

of interactive figures over static figures, the responsibility to

create interactive figures falls on individual researchers.

Interactive data visualization and exploration can be a daunt-

ing task for many scientists. Data visualization tools and pack-

ages exist for a variety of programming languages. Some Python

examples include Plotly,13Altair,14 pygal,15 and to a lesser extent

Bokeh,16 Gleam,17 and Matplotlib.18 However, most visualiza-

tion tools are declarative, which means a user must identify the

columns or series to plot. Declaration requires (1) user knowl-

edge of the programming language and (2) previous knowledge

of the dataset. Many scientists find programming cumbersome

to learn, use, or transfer to others. In addition, some users

want to quickly plot many relationships from their datasets

without having to declare each plot. Commercial software,

such as Tableau,19 Sisense,20 JMP,21 or Biovia’s Pipeline Pilot22

provide tools for data visualization but also require licensed soft-

ware and/or do not have fully interactive plots. Thus, there is a

need for a widely accessible, easy-to-use, and easy-to-build

platform to create interactive visualizations.

In this work, we address these challenges by creating a web-

based data visualization tool built with Dash by Plotly.23 Named

Wiz, the intention of the web app is to explore the relationships

across large and complex datasets easily, quickly, and interac-

tively. Web-based indicates that the app is accessible online,

anytime at https://wiz.shef.ac.uk. Importantly, users require no

programming skills to visualize desired datasets and can simply

navigate to the above URL and begin using the app. The idea of

web-based apps has been seen before in domain-specific appli-

cations,24 but we envision Wiz to be a general tool across disci-

plines. While not limited to the following fields, we imagine that

Wiz is best suited for datasets arising from screenings (compu-

tational and experimental) in the fields of materials science,

chemistry, biological systems, and in numeric machine learning

applications, enabling acquisition of new knowledge by

exploring existing pieces of knowledge. The remainder of this

work will outline the functionality of Wiz through examples in

various applications.

RESULTS AND DISCUSSION

Overview of the App Build and Features

Wiz is built with Dash by Plotly,23 a Python framework for building

analytical web applications. A similar framework exists for R

called Shiny.25 The great benefit of Dash for scientists is that

no Java or HTML is required. Dash itself is declarative and reac-

tive, making the creation of basic applications easy for those

familiar with Python. Most importantly, Dash already has the

framework for interactive visualization with Plotly.

Wiz builds on the idea of Dash by making a visualization tool

that requires no programming ability. To that end, Wiz removes

the need to program routines for data upload, data filtering/pro-

cessing, and the plotting commands. Anyone with a compatible

dataset can create several types of stunning, interactive graphs

by simply going to https://wiz.shef.ac.uk and uploading their

dataset. Wiz has four main features that make interactive plotting

easier than ever. These features are outlined graphically in

Figure 1. We have also provided a public version of the

Wiz code that can be used by other researchers to further

develop or use in their own applications, https://github.com/

peymanzmoghadam/Wiz.

On the backend, Wiz is highly modular, such that new features

and graph types can be readily implemented. Each page within

the app contains different essential components that makeup

the layout (i.e., links, dropdowns, upload buttons, datatables)

that are implemented using Dash. User interaction with an app

page fires callbacks at the heart of the interactive experience.

While the plotting routines and backend implementation of Wiz

are well established, to the best of our knowledge we are the first

toput thepieces together in suchaneasy-to-use, relevant app for

data visualization. Combined with robust hosting through the

University of Sheffield,Wiz is a one-of-a-kindmulti-user platform.

Using Wiz across Science Domains

A number of example datasets are included in the Supplemental

Information (Tables S1, S2, S3, S4, S5, and S6). A step-by-step

Figure 1. Graphical Overview of Wiz

Diagram of main features of Wiz (left). Interactive

plots: Wiz provides a range of graph types with

hover- and click-driven insights. Graph controls:

dropdowns, data sliders, and in-graph zooming/

panning allow users to quickly switch between da-

tasets and focus on themost important parts of their

data. Data controls: built-in analysis and data

filtering allows users to manipulate their data

without affecting the underlying data. Download/

upload data: users can drag-and-drop datasets into

Wiz and can download their plot data and export

their figures with publication quality. Prototypical

plot produced in the Wiz app (right).
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guide of the following examples shows the layout of the app and

explains key functions of Wiz. While the applications in compu-

tational screenings and machine learning applications are dis-

cussed here, any compatible dataset can be visualized in Wiz

without user programming or downloading software. Wiz is

transferable between anyone with a browser and easy to use

for scientists and non-scientists alike. Furthermore, the Supple-

mental Information includes a Video S1 to demonstrate the fea-

tures in real time. For the most thorough guide, users should visit

the Help documentation at https://wiz.shef.ac.uk/help.

High-Throughput Screenings for Materials Design and

Discovery: The Value in Visualizing Structure-Property

Relationships

Development of new materials would be greatly accelerated if

we had a better understanding of the key properties that need

to be optimized. Identification of such properties, and therefore

top-performing materials, often require complex and time-

consuming calculations and/or experiments. In such cases,

development of data-driven insights and structure-property rela-

tionships are essential to reduce the search space and guide ef-

forts toward selection of promising materials. High-throughput

computational and experimental screenings allow us to study

hundreds, thousands, or millions of materials to develop amech-

anistic understanding of their performance. Such strategies have

streamlined design in biomaterials, polymers, ionic liquids, nano-

materials, energy materials, andmany more fields.6,26–29 The ex-

amples below showcases a number of high-throughput

screening studies in porous crystals called metal-organic frame-

works (MOFs). In these examples, we highlight the immense

value in structure-property relationships, which connect phys-

ical, geometric, or chemical properties to performance parame-

ters from thousands of simulations. These relationships guide

understanding of critical components of performance and guide

experimental efforts to create better materials.

Figure 2 shows the user interface of Wiz and an example of

creating histograms for a categorical dataset from Moghadam

and colleagues.30 The dataset contains physical andmechanical

properties for over 3,000 MOFs with 68 attributes (Table S1).

Once the data are uploaded into Wiz, one can simply use the

dropdown menus to start analyzing the data (see Figure 2). For

example, from the dropdown lists, if the ‘‘Topology’’ attribute is

selected, a histogram is plotted. From Figure 2, one can see

how the minimalist design of graph/data controls emphasizes

the graph itself.

Often inMOFs, the properties are not static over an entire tem-

perature or pressure space. In another example, nearly 3,000

MOFs were assessed for their oxygen storage through Monte

Carlo simulations.7 A key performance indicator for oxygen stor-

age is the uptake of oxygen, which varies with pressure. Figure 3

shows two 4D plots comparing the gravimetric and volumetric

uptake for 3,000 structures at two different pressures, 20 and

100 bar. For each plot, physical properties, i.e., density and

the cavity diameter are shown using rainbow color scale and

size, respectively, making the plot 4D. Once in ‘‘3D’’ mode,

Wiz users can pick a fifth dimension (z axis) to create interactive

5D plots (see demo Video S1 in the Supplemental Information).

Importantly, the data points are clickable and can display the

values for the plotted dimensions (Figure 3A). Wiz makes it

easy to upload and switch between multiple datasets with drop-

downs for each of the axes. The slider at the bottom of the user

interface displays the filenames, or sheet names, of each data-

set. The utility is not only in the visualization itself, but the ease

Figure 2. User Interface of Wiz

Histogram of categorical data of over 3,000 metal-organic frameworks displayed in multiple graph types in Wiz. The user interface of Wiz emphasizes the graph

with easy-access controls for the various graph components. Here, the ‘‘Topology’’ variable is selected in the axis selector. When only one axis is selected, a

histogram is displayed in the graph window. Data from Moghadam et al.30 (Table S1).
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to upload potentially complex datasets and switch between

them. For example, the data in Figure 3 come from a single Mi-

crosoft Excel file, where the data at each pressure are in the

different sheets. However, different sheets do not have to have

the same feature variables. Each web page in the app has

more detail on what file types are accepted and formatting the

input datasets.

Machine Learning and Large Datasets

Machine learning algorithms use statistical methods to learn, or

make predictions, based on underlying relationships in a data-

set. These datasets can exceed thousands of instances or hun-

dreds of features. Previous examples showed how powerful Wiz

for visualizing relationships between feature-like variables. The

following example illustrates how Wiz can be used at different

stages of the machine learning pipeline. Figures 4A–4C show

data from the Movie Lens Dataset collected by Grouplens, a

research group at the University of Minnesota.31 These data

consist of 100,000movie ratings of 1,700 movies by 1,000 users.

Wiz can be used for both initial visualization and analysis. Fig-

ure 4A shows histograms of the movie ratings versus the genre

of the movies. Wiz automatically switches between plot types

depending on whether the data are categorical. Here, the cate-

gorical abscissas automatically generates box-and-whisker

plots—a convenient way of displaying data in terms of their quar-

tiles while identifying outliers—describing how the data are

distributed between genres. In the context of machine learning,

visualization of the raw dataset with Wiz aides in identification

of outliers and can help generate ideas for feature engineering.

With Wiz, one can also perform basic principal-component anal-

ysis (PCA) or linear discriminant analysis (LDA) on a dataset. PCA

gives a way of visualizing the relatedness (correlation) between

descriptors in a dataset as understanding the dimensionality of

a dataset. LDA reduces the dimensionality of a dataset to best

separate classes of data (e.g., movie genres, top rated movies,

most popular movies). As a demonstration, we show Wiz’s use-

fulness in visualizing latent matrix factorization for recommender

systems using the MovieLens dataset. In such a sparse dataset

(many user/rating combinations missing), we can apply an SVD-

like learning model to learn a ‘‘recommender’’ matrix from the

product of two matrices—one for the user latent factors and

one for the movie latent factors.32 After training the recom-

mender matrix, observing the learned movie latent factor matrix

gives insight into what the recommender system learned. Fig-

ure 4B shows the Wiz plot generated from LDA on the movie

latent factor matrix. Details of the training can be found in the

Supplemental Information. The movies were divided into classes

based on their average rating, signified by different colors in the

plot. In Figure 4B, the top 5% rated movies are distinct from the

lowest 5% rated movies, showing that the recommender system

learned some structure related to the average user rating. With a

dropdown selector, conducting PCA and LDA is automatic and

easy to visualize. Figure 4C shows an example scree plot gener-

ated by Wiz from the latent matrix factorization, where the inter-

active data hovering makes analyzing variance contributors fast

and easy. Other examples can be found at https://wiz.shef.ac.

uk/examples. Note that only the 2D projection is produced

from both PCA and LDA in Wiz.

Wiz can handle datasets exceeding 50,000 instances by utiliz-

ing WebGL plot elements for large datasets, as opposed to SVG

elements for smaller datasets. Figure 4D shows an example of

visualizing a large dataset, possessing 100,000 instances, as

well as filtering that dataset inWiz. For such a large dataset, often

only a small portion is of interest. One of the most useful features

of Wiz is the ability to filter graph data in-place. For example, the

data in Figure 4D are filtered such that data points above a

threshold value of 15 (x-data) is not plotted. The filtering process

is as easy as typing inequalities or search terms in the data table

tab (‘‘<15,’’ here). The ability to filter data easily without editing

the underlying dataset is powerful for handling a dataset. Each

of the datasets are provided in the Supplementary Information

Figure 3. Multi-Dimensional Interactive Wiz Example Plots

Oxygen storage capacity for 3,000 MOFs at different pressures plotted in Wiz.

The gravimetric and volumetric oxygen uptake,MOF density (color), and cavity

diameter (size, Å) at 20 bar (A) and 100 bar (B). Inset in (A) shows clickable

points effect where the full data are displayed for that point. Each data point

represents a different structure. Wiz makes it easy to switch between pres-

sures using the slider at the bottom of the user interface. Data are collected

from Fairen-Jimenez et al.7 (Table S2).
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for the user to investigate these features on their own (Tables S1,

S2, S3, S4, S5, and S6).

EXPERIMENTAL PROCEDURES

Resource Availability

Lead Contact

Peyman Z. Moghadam is the lead contact of this study and can be reached by

email: p.moghadam@sheffield.ac.uk.

Materials Availability

This study did not generate new materials.

Data and Code Availability

The Wiz website is hosted by the University of Sheffield and can be freely ac-

cessed at https://wiz.shef.ac.uk/. All data uploaded toWiz are only stored dur-

ing the user session via cache and removed after the session is ended. The

public version of Wiz is available in a Github repository https://github.com/

peymanzmoghadam/Wiz.

SUPPLEMENTAL INFORMATION

Supplemental Information can be found online at https://doi.org/10.1016/j.

patter.2020.100107.
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Figure 4. Exploration of Wiz Data-Handling Features

(A) Average movie rating versus movie genre for MovieLens dataset31 as a box-and-whisker plot. Understanding the distribution and outlying data can aid in data

processing before training.

(B) Example LDA projection using the top and bottom 5% rated movies as classes. Wiz’s analysis makes seeing the structure in the learned matrix fast and easy.

(C) Scree plot output from PCA on MovieLens dataset (first 20 of 50 PCs shown).

(D) Data filter functionality shown on amanually generated dataset with 100,000 instances (Table S3).33 The data are filtered in-place to showdata points less than

15 (x axis). (A–D) are exported directly from Wiz.
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