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Strategic marketing plan for
the grocery shopping app

Sis of staffing

requirements for healthcare
facilities

06
GAMECO.

Analyze regional sales trends
to assess shifts over time,




e rental platform’s

* Influenza Staf are resource allocation during
influenza seasons. '

« GameCo: Analyzed global sales trends and popular game genres, providing marketing
recommendations for regional optimization.
® Each project overcame challenges such as incomplete data and balancing computational efficiency.
/O Recommendations were tailored to stakeholder needs, delivering solutions that drive results
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CONTEXT

IInis project examines Citl Bike triy | o)l grkey usage patterns,

)
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dentity factors affecting riae volur 8 Strategic recommendations for

optimizatior

PROJECT GOAL

Analyze how weather conditions Impact bike usage
» |dentify the top 20 most popular stations.

» Examine trip patterns and common travel routes.

» Compare subscriber vs. casual user behavior

 Provide actionable recommendations for system improvements.

S

DEMONSTRATED

Processed raw C ,
Identified seasonal trends, peak hours, and ride duration patterns with Exploratory
Data Analysis (EDA).

Created interactive dashboards in Streamlit for stakeholder insights.
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The chart visualizes the relationship between daily.
bike trips and the average temperature in New
York throughout 2022, resampled weekly to
highlight trends. The blue line represents bike
rides, while the red line shows temperature
variations. Warmer weather, especially in spring
and summer, correlates with increased ridership,
while colder days decline. Temperature spikes
often precede a rise in bike usage, emphasizing
weather's impact on demand. This insight helps

optimize bike distribution and availability based .
on seasonal patterns.

ANALYSIS AND VISUALIZATIONS

Bike Trips & Temperature Trends in New York
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This bar chart showcases the top 20 most popular
Citi Bike stations in New York for 2022 based on
trip counts. Stations like W 21 St & 6 Ave, West St &
Chambers St, and Broadway & W 58 St saw the
highest demand, exceeding 1,000 trips. High-
ranking stations are concentrated in business
districts, transit hubs, and tourist areas,
highlighting the need for efficient bike distribution
and additional docking spaces to meet demand.

Distribution of Trips per Day by User Type

User Type

This box plot visualizes the distribution of daily Citi
Bike trips in 2022 by user type. Members show greater
variability in trips, with a wider range and higher
fluctuations, while casual riders have a narrower
distribution with occasional low-trip outliers.
Members’ frequent and varied usage may contribute
to supply-demand imbalances, especially during peak
periods. Understanding these patterns helps optimize
bike availability and station management.



Most Common Citibike Trips in New York
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with pmk-hour congestion at Cemra\. Park S & 6 Ave and

Roosevelt Island Tramway. Ridership fluctuates with

I

weather, casual riders dominate tourist areas, and members

contribute to trip variability, highlighting the need for
¢

better bike distribution and dock expansion.

.

C‘m Jms should use real-time redistribution, expand do
-demand areas, and adjust supply based on weather.
rship incentives and a real-time dashboard

can further optimize operations, ensuring a smoother riding

experience across NYC.

Dashboard Link
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https://new-york-citibike-trips-in-2022.streamlit.app/

TRENDS




» Created visualizatio

« Applied supervised machine learning regression for prediction and performed unsupervised
[ machine learning clustering to identify groups
O



Correlation Matrix
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correlation between rate and votes sugge a
engagement (votes) has little impact on ratings. Overall,
affordability strongly influences both customer satisfaction
and engagement. k

Correlation Matrix

approx_cost(for two people)

approx_costifor two people!



ANALYSIS AND VISUALIZATIONS

The scatter plot shows a positive correlation between restaurant ratings
and the number of votes. As ratings increase from 2.0 to 5.0, the number
of votes generally rises, with a noticeable concentration of highly rated
restaurants (above 4.0) receiving significantly more votes. This suggests
that higher-rated restaurants are more popular and attract greater
customer engagement.

The pair plot shows that each variable (rate, votes, and approx_cost) has a
skewed distribution, with a high concentration of data points at lower
values. There are weak positive trends between 'rate' and 'votes' and
between 'approx_cost' and 'rate', suggesting slight associations between
rating, popularity, and cost. Further exploration of 'rate' and 'votes' could
reveal insights into customer preferences while examining 'approx_cost'
and 'rate' might show if higher-rated restaurants are generally more
expensive.
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ANALYSIS AND VISUALIZATIONS

Higher-rated restaurants (4.0 and above) receive significantly
more customer engagement, with exceptional ratings (4.5-4.9)
driving strong popularity. Moderate pricing (3500-31500 for
two) attracts the most votes, reflecting customer preference
for this range, while high-priced venues engage a niche
audience. High-rated restaurants span premium and
affordable prices, whereas lower-rated establishments (below
3.0) are generally cheaper and receive fewer votes.
Maintaining high ratings and offering value through moderate
pricing can maximize customer interaction and popularity.

Relationship Between Ratings and Votes Categorized by Vote Category
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file:///D:/Data%20Analytics/Data%20Analytics%20Immersion/6.7%20-%20Creating%20Data%20Dashboards/Anushma%20Sharma_Zomato%20Banglore%20Restaurant%20Trends/04%20Analysis/Visualizations/6.3.choropleth_rate_ward.html
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Number of Restaurants vs Unique Cuisines (Test Set)

i , rain sets show a strong positive
£ otween the number of restaurants and unique

50 -

_ s, with identical slopes (0.1127), indicating consistency.

G he R? scores (test: 0.7038, train: 0.7616) highlight good model

T erformance, though slightly be er on the training set,

uggesting potential overfitting. Higher MSE in the training

e e v 5 set (1895.42 vs. 714.63 for the test set) may be due to more

data or outliers. While the model captures trends well,

predictions at higher restaurant counts are less reliable,
pointing to opportunities for fine-tuning.

Unique Cuisines

3000

1000 1500 2000 2500 3500 4000

Number of Restaurants



ANALYSIS AND VISUALIZATIONS

Clusters for Ratings vs Approximate Cost

The clusters show expected patterns: low-cost, low-rated restaurants in
Cluster 0, mid-cost, mid-rated in Cluster 1, and high-cost, highly-rated in
Clusters 2 and 3. Higher costs generally align with better ratings, though
overlaps in mid-cost ranges and sparse high-cost representation suggest
refinement opportunities. Outliers with high costs and low ratings
highlight anomalies for further investigation. Adding variables like votes,
cuisine type, or location could improve clustering and insights.
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The clustering of Votes vs. Ratings effectively distinguishes restaurants
by popularity and quality. Cluster 0 represents low-visibility
restaurants, Cluster 1 includes moderately popular ones, and Clusters
2 and 3 capture highly popular, well-rated establishments, with Cluster
3 highlighting top-tier performers. A positive trend between votes and
ratings is evident. Overlap in mid-range votes and a dense Cluster 0
suggest potential data imbalance. Adding features like cost or cuisine
and refining the algorithm could enhance segmentation. Outliers in
Cluster 3 warrant further analysis to identify success factors.




and location.
models can provide

GITHUB REPOSITORY
TABLEAU LINK



https://github.com/AnushmaSharma/Zomato-Bangaluru-Restaurant-Trends
https://public.tableau.com/app/profile/anushma.sharma/viz/AnushmaSharma_ZomatoBengaluruRestaurants/ZomatoBengaluruRestaurants?publish=yes




Merging and integrating

Creating new variables for deeper ana

Grouping and aggregating data to identify trends
Visualizing data using Python libraries
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ANALYSIS AND VISUALIZATIONS

Key patterns were uncovered, including peak shopping times and
popular product categories, along with an in-depth analysis of
customer purchasing behaviors. Outliers were also removed to
improve dataset reliability. This thorough analysis yielded valuable
insights to guide targeted marketing campaigns.

1e7 Customer Profile by Age Groups Customer Profile by Income Group

High

Middle Aged
Young Adult

Age Groups

Number of Customers

Customer Income Group Distribution by Region

Northeast Viest
Regions

Income by Age Group
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ANALYSIS AND VISUALIZATIONS

Saturday and Sunday are the busiest days of the week, while Tuesday and
Wednesday experience the least activity. Most orders are placed from late
morning through early afternoon, peaking between 9 AM and 4 PM, with
fewer orders occurring in the early morning and late evening.

The top-selling departments are produce, dairy and eggs, snacks, and
beverages, a trend consistent across different age groups and regional
analyses.

Orders by Hour of the Day Orders by Day of the Week
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Hour of the Day (24-hour Clock)

Saturday sunday Monday Tuesday ~ Wednesday  Thursday friday
Day of the Week

Sales of Product Department

produce
dairy eggs
snacks
beverages
frozen

pantry
bakery
canned goods
deli

dry goods pasta
household
meat seafood
breakfast
personal care
babies
international
alcohol

pets

missing

other

bulk

o

Income by Hour of the Day

10 15
order_hour_of_day



discoun
partnerships wi
discounts may attract more users.

GITHUB REPOSITORY



https://github.com/AnushmaSharma/Instacart-Basket-Analysis




Calculate metrlcs like average re

Create data visualizations in Tableau to |llustrate key insights such as top revenue-generating movies
and geographic revenue distribution.

Develop strategic recommendations based on the data analysis to improve Rockbuster's market
positioning and online expansion.




Japan

Indonesia
12

United States

Top countries in Rockbuster's customer base: India
and China.
Next largest markets: U.S. and Japan.

Growth potential markets: Mexico, Brazil, and
Russia.

Expansion opportunities in smaller markets:
Philippines, Turkey, and Indonesia.

TABLEAU LINK

Total Revenue

Movie Title

199.72 19873

Top 5 Movies:

1. Telegraph Voyage
2. Zorro Ark

3. Wife Turn

4. Innocent Usual

5. Hustler Party

TABLEAU LINK

Total Revenue

Movie Title

5.9400 5.9400

Least 5 Movies:

1. Oklahoma Jumanji
2. Duffel Apocalypse
3. Texas Watch

4. Freedom Cleopatra
5. Rebel Airport

TABLEAU LINK

5.9400



https://public.tableau.com/app/profile/anushma.sharma/viz/Top10CountriesbyCustomerNumbers/Sheet1?publish=yes
https://public.tableau.com/app/profile/anushma.sharma/viz/Top10CitiesbyCustomerCount/Sheet1?publish=yes
https://public.tableau.com/app/profile/anushma.sharma/viz/Top5Revenue-ContributingMovies/Sheet1?publish=yes
https://public.tableau.com/app/profile/anushma.sharma/viz/Top10CitiesbyCustomerCount/Sheet1?publish=yes
https://public.tableau.com/app/profile/anushma.sharma/viz/LeastRevenue-ContributingMovies/Sheet1?publish=yes

South America Arica Total Revenue
o 9.53% PR
11.49% c_,}lz

Oceania

0.97% Region
Africa
i North America
’ g 12.93% l Asia
Europe

North America
Oceania
Other

South America

Europe
16.32%

Top Movie Genres: Y ith 43.79%, followed by Europe (16.32%) and North America (12.93%).
1. Sports » South America and Africa contribute moderately at 11.49% and 9.53%.

2. SCi_'Fi ! » Oceania, with the lowest share (0.97%), suggests potential for growth focus.

3. Animation

4. Drama TABLEAU LINK: CUSTOMER DISTRIBUTION

5. Comedy SALES DISTRIBUTION

TABLEAU LINK


https://public.tableau.com/app/profile/anushma.sharma/viz/Top10CitiesbyCustomerCount/Sheet1?publish=yes
https://public.tableau.com/app/profile/anushma.sharma/viz/SalesPerformancebyMovieGenre/Sheet1?publish=yes
https://public.tableau.com/app/profile/anushma.sharma/viz/Top10CitiesbyCustomerCount/Sheet1?publish=yes
https://public.tableau.com/app/profile/anushma.sharma/viz/GlobalCustomerDistribution/Sheet1?publish=yes
https://public.tableau.com/app/profile/anushma.sharma/viz/SalesDistributionbyGeographicRegions/Sheet1?publish=yes

high re
family audience loyal
reach, audience engagement, and

Kf GITHUB REPOSITORY
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https://github.com/AnushmaSharma/Rockbuster-Stealth-LLC




resource

Statistical analysis fo

‘ 5 across populations.

Data cleaning and integration, working with CDC influenza death data and US Census Bureau
population data (2009-2017).

Data visualization to illustrate differences between vulnerable and non-vulnerable populations.

Insightful interpretation to inform decisions on staffing needs and resource allocation during influenza
season.




Statewise Influenza Deaths of Non-Vulnerable Population (between 5-65 years) Influenza Mortality of Vulnerable (below 5 years & 65+ years) and Non-Vulnerable (between

5-65 years) Population in The U.S. (2009-2017)
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6519 1985
Pe S — T 5519

Ohio Georgia

Nenner. 0 [

Statewise Influenza Deaths of Vulnerable Population (below 5 years & 65+ years)
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, providing insight into regional

Total Population vs Non-Vulnerable Population Deaths Nen Vulnerable Populatio..
0
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This visualization highlights both overall population distribution and specific impacts on vulnerable groups, pinpointing
states with the greatest need for support.




\O ANALYSIS AND VISUALIZATIONS

The Relationship between Influenza Mortality of Vulnerable Population and  The Relationship between Influenza Mortality of Vulnerable &

Non-Vulnerable Population in The U.S. (2009-2017) Non-Vulnerable Population and Total Population by Region in The U.S.

(2009-2017)
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A scatterplot with a trend line shows a strong positive correlation (R2 = 0.84) between deaths in
vulnerable and non-vulnerable populations, indicating that as deaths in vulnerable groups rise, deaths

among non-vulnerable populations also increase significantly.
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regions with rising

TABLEAU LINK
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https://public.tableau.com/app/profile/anushma.sharma/viz/AnushmaSharma_Exercise2_9/ProjectPlanforUpcomingInfluenzaSeason?publish=yes




Orga : el for streamlined analysis.
Performing descriptive analysis to uncover trends in game sales.
Cleaning data to ensure precision and consistency in findings.
Creating visualizations to present insights in an engaging manner.
Utilizing data storytelling techniques to inform strategic planning.




ANALYSIS AND VISUALIZATIONS

Units sold in different regions

e Sum of NA_Sales
e Sum of EU_Sales
e Sym of JP_Sales

e Sum of
Other_Sales
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Over the past decade, North American sales
peaked in 2006-2009, then declined post-2010.
Europe grew until 2009, leveled off, and
dropped in 2016. Japan saw steady declines,
with larger drops after 2012. Other regions
mirrored Europe, declining after 2010.

Sales Proportion vs. Genre

100%
80% ® Sum of Proportion
60% Other_Sales
40% ‘ ‘ B Sum of
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0

0%

Sales Proportion

2 Sum of
Proportion_EU_Sales

\
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Over the past decade, shooter games saw the
strongest sales in North America (52%) and
Europe (33%), while role-playing games were
most popular in Japan (32%). Racing games
performed best in Europe (38%), and
adventure and strategy games had balanced
sales across regions.
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PS4
PS2

Platforms

GC
DS
3DS

Total Global Sales vs. Gaming Platforms

10.88
81.46
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, XOne, and 3DS are emerging with
cant growth potential, indicating strong
consumer demand and an upward trend in
their market presence.





https://github.com/AnushmaSharma/GameCo-Data-Analysis




* Applied d
« Built data mode

» Performed predictive analysis y potential attrition factors
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A decision tree model identifying the key
factors that most strongly predict a
customer’s likelihood of leaving the bank

\’ ANALYSIS AND VISUALIZATIONS

Descriptive statistics for All Clients,
Exited Clients and Retained Clients.

Decision Tree

Credit Score More than 1
> 649 YES > Year

More than 1 NO NO
Product
v

Credit Score YES
) >



groups. A
active membe

strategies could help
segments.




HANK YOU

CONNECT WITH VIE


mailto:mona.anushma@gmail.com
https://public.tableau.com/app/profile/anushma.sharma/vizzes
https://github.com/AnushmaSharma
https://www.linkedin.com/in/anushmasharma/
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