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I. Introduction 
This report presents an end-to-end analysis and code implementation tackling a range of data-driven 

tasks using PySpark/Pandas. The project focuses on efficiently processing large datasets, performing 

aggregations, handling missing data, data exploration & analysis, recommendation systems, time series 

analysis, and extracting meaningful business insights through data visualization. Emphasizing 

collaborative problem-solving, each team member independently developed solutions and participated 

in group discussions to determine the most optimal approaches. The report details the logic behind each 

solution, alternative methods considered, and the rationale for chosen strategies. 

II. Part I Data Acquisition and Manipulation 
●​ Step 1: Data Acquisition and Downloading 

●​ Step 2: Installation of Spark Session 

●​ Step 3: Load Data using PySpark 

●​ Step 4: Understanding Data 

●​ Step 5: Understanding the level of the data to be analyzed. 

Before starting the exercises, it was essential to download, extract, and load the data, as well as to 

understand the data structure, granularity, data types, and schema. 

Key observations from the analysis: 

The reviews dataset is recorded at the user ID and timestamp level, capturing both single and multiple 

reviews per user. The meta dataset contains business details, such as gmap_id, ratings, average rating, 

location, address, category, and other relevant attributes. 

1.1. Missing Reviews Handling and Time Conversion 

 

This approach utilizes Spark’s distributed processing to efficiently handle missing values, using 

the when-otherwise clause to impute "no review" where needed. Checked for missing or None values in 

the text column of the reviews. Approximately 43% of reviews lacked any textual content. This method 

was chosen for its efficiency and native support in Spark, making it well-suited for large distributed 

datasets.  Alternative approaches like UDFs exist but are less efficient. Given Spark’s optimized columnar 

operations, this solution is practical and optimal for this use case. 



 

Sample Output: 

 

The solution converts Unix time in milliseconds to a readable date using from_unixtime and to_date, 

which is reliable for Spark DataFrames. This ensures the data are human-readable and ready for 

date-based analysis. Pandas pd.to_datetime could also be used for post-conversion for smaller datasets. 

PySpark's solution is preferred in this context for handling large volumes efficiently. 

1.2 Analysis of Reviews by Business (gmap_id) and Review Timing​

 

Sample output: 

 

Grouped by gmap_id (or business_name since it’s a unique mapping) to count reviews for each business 

using PySpark’s groupBy and aggregation, which is fast for large datasets. Could use pandas groupby for 

small data or aggregate on business_name instead, but these methods are less efficient at big data scale. 

This approach is optimal for large data because native PySpark group and aggregation functions are 

distributed and efficient, while casting to float ensures data consistency. 



 

Sample Output: 

 

Pandas is used here for convenient datetime extraction at hour precision, suitable for visualization and 

further analysis. Spark could do it, but Pandas excels in finer datetime operations for moderate data 

sizes, making this a hybrid optimal approach. 

 

 



 

Insights: 

Number of reviews by hour: Displays peak hours when reviews are most frequently submitted. For 

instance, a visible peak around 2–3 suggests that many reviews occur in the early morning hours. 

Number of reviews by time-of-day: This indicates that most reviews are submitted during nighttime. 

Hourly review trends for the top 5 most-reviewed businesses (e.g., Walmart, pubs, etc.) reveal high 

activity during late-night hours, particularly around 2–3 AM. 

1.3 Temporal Analysis of Reviews: Workdays, Business Categories, and Peak 
Hours 

 

 

 

 

 

 

 

 

 



Output: 

 

Insights: 

Sunday records the highest average number of reviews across all businesses, indicating peak user 

engagement on weekends. 

 

 

Output: [Top 5 businesses with the highest average rating on Sunday] 

 

 



Output: [Business category with the highest rating on Sunday] 

 

Insights: 

Businesses with the highest average ratings on Sundays primarily belong to the Tours & 

Travels and Florist Services categories, and likewise 

Top 10 businesses based on reviews 

 

Number of reviews vs reviewed time of day 

 



 

Total Reviews based on business category. 

 

Output: 

[Top 5  businesses by total number of reviews] 

 

[Top 5 businesses with exploded business categories] 

 



Review timestamps in milliseconds are converted into Spark timestamps, and the review_hour is 

extracted for temporal analysis. Business categories are cleaned and exploded to handle multiple 

categories per business. Aggregation is performed by business_name and category to compute the total 

number of reviews and average ratings. Review hours are collected and flattened into a pandas Series for 

frequency counting. Pandas and Seaborn are used for the visualization of hourly review distribution. 

Alternative approaches: Spark’s hour() function could directly generate hourly counts; weighted or 

Bayesian averages could improve rating robustness. The chosen method is efficient for large-scale 

preprocessing (via Spark) and flexible for visualization (via Pandas). 

1.4 Text Review Analysis and Word Cloud Visualization 

 

 

 
 

 



Sample Output for year 2007: 

 

 

 

 

Review text is tokenized into words using nltk.word_tokenize. Stop words are removed using NLTK’s 

stopwords list. Remaining words are normalized (lowercased, punctuation removed) for accurate 

frequency counting. The top 30 words are extracted using FreqDist/Counter and displayed as a frequency 

table. Review timestamps are converted to year values (.dt.year) to group reviews by year. Word clouds 

are generated separately per year, with word size proportional to frequency. Alternative approaches: 

TF-IDF weighting or lemmatization could improve semantic grouping. The chosen method is optimal for 

exploratory analysis because frequency + word clouds provide intuitive insights into review themes. 

Insights: 

Reviews across years are mostly positive, emphasizing good food, great service, friendly staff, 

and cleanliness as key factors driving high satisfaction and repeat customers. 



1.5 Unique Reviewer Analysis and Temporal Trends by Business and Category  

 

Output: 

​
 
 

  
Counted unique reviewers for each business using PySpark’s groupBy with countDistinct("user_id") to 

identify popularity. For categories, split, filtered, and exploded category lists, then repeated the grouping 

to aggregate unique reviewers per category item. Results could also be obtained in pandas for smaller 

datasets, but PySpark is more efficient for large datasets. Categories could be grouped by business type 

or top-level descriptor, but detailed category-level analysis provides granular insights. This method is 

optimal since Spark handles large datasets efficiently, and the approach provides clear, actionable 

insights on what attracts the most distinct reviewers. 

Insights: 



The businesses attracting the most unique reviewers are large chains and retailers, with Walmart 

Supercenter and McDonald’s ranking highest. This suggests broad customer bases and high visibility. 

Restaurant-type categories dominate the top spots for unique reviewers, indicating a strong preference 

for food and hospitality venues among the review population. Findings show that specific food 

categories, especially American, fast food, and breakfast restaurants, receive high engagement, reflecting 

diverse eating-out habits. Tourist attractions and grocery stores also have notable reach, showing their 

importance in daily life and travel for users. 

 
 

1.6 Building a Business Recommendation System 

1.6.1 Strategy for Business Recommendations 

●​ Objective: Build a business recommendation system for customers, leveraging both user ratings 

and business categories to generate personalized suggestions. 

●​ Data Preparation: Aggregated ratings per user-business pair to handle multiple reviews from the 

same user. Converted business categories into an array format for content-based similarity. 

Indexed users and businesses to numeric IDs for matrix construction. 

●​ Collaborative Filtering Component: Constructed an item-user sparse matrix from training data. 

Used item-based K-Nearest Neighbors (KNN) with cosine similarity to find businesses similar in 

terms of user ratings. 

●​ Content-Based Component: Built a business-to-category mapping. Computed Jaccard similarity 

between business categories to capture content-based similarity. 

●​ Hybrid Strategy: Combining collaborative similarity and category similarity with a weighted 

parameter alpha (hybrid_sim = alpha * collab_sim + (1-alpha) * category_jaccard). 

Recommended businesses to users by aggregating the neighbors of the items they liked, 

weighted by their ratings. Cold-start handling: fallback to the most popular businesses for users 

with no prior history. 

●​ Evaluation: Used per-user holdout (latest review as test) to compute Precision@K (e.g., 

Precision@5 and Precision@10). 



●​ Visualization: Generated bar plots showing recommended businesses and their 

recommendation scores per user, enabling intuitive presentation of top suggestions. 

●​ Interpretation: High hybrid scores indicate strong similarity both in collaborative patterns and 

business content. System balances popularity and content relevance, giving personalized 

recommendations that reflect both past user behavior and business characteristics. 

 

1.6.2 Implementation and Interpretation of Recommendations 

KNN implementation: 

 

Cosine and Jaccard similarity: 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Recommendation based on a hybrid approach: 

 

Output: 

Recommendations for reviewer: Gabriela Betancourt 

[('Great Alaskan Lumberjack Show', 6.570001657492506), ('Port Of Skagway', 6.1902491988846915), 

('Icy Strait Point', 2.417725885207272), ('Alaska State Museum', 2.2677307914424722), ('Skagway 

Museum', 2.22852957769677), ('Skagway Cruise Terminal', 1.978132037871201), ('Shrine of Saint 

Therese', 1.9755930018674095), ('Chugach National Forest', 1.9678057541843683), ('Denali National 

Park and Preserve', 1.7952602107994515), ('Alaska Railroad TOFC Building', 1.7486137861504711)] 

Precision@5 (sampled) = 0.04 

Precision@10 (sampled) = 0.06 



: 

Recommendations for Gabriela Betancourt: The model has suggested 10 businesses that she has not 

rated yet, ranked by a hybrid score (collaborative + category similarity). The top recommendations, 

like “Great Alaskan Lumberjack Show” and “Port Of Skagway” have higher scores, meaning the system 

predicts these are more likely to match her past preferences. Lower-scoring items (like “Alaska Railroad 

TOFC Building”) are less strongly recommended but still appear in the top 10 based on similarity 

aggregation. 

Precision@K results: Precision@5 = 0.04 and Precision@10 = 0.06 are quite low. 

This means that for the sampled test users, only 4% of their held-out reviews appear in the top 5 

recommendations, and 6% appear in the top 10. 

What we can infer: The model is capturing some patterns, but the predictive accuracy is low. This is 

common with sparse datasets, small user histories, or highly diverse business choices. Users might have 

unique tastes that are hard to predict using only past reviews and categories. The hybrid 

approach combines collaborative filtering and category similarity, which helps when pure collaborative 

signals are weak. 

Next steps for improvement could include: Incorporating more features, like review text sentiment, 

location proximity, or business popularity. Using a larger training dataset or including all users instead of 

sampling. Tuning alpha (weight of collaborative vs. category similarity) for better results. 

Trying user-based CF or matrix factorization methods. 



1.7 Analysis of Ratings and Review Content 

1.7.1  Visualizing Ratings Across Business Categories 

Filtering top business categories as per the total number of reviews 

 

Top Business categories as per the average rating 

 

Output: 

 



 

 

 

Insights: 

"Restaurant" garners the most reviews, followed by other food-related categories like "Fast Food 

Restaurant" and "American Restaurant." Reflects the high volume of customer feedback in the food 

industry. Shows that categories like "Restaurant" and "Warehouse Store / Department Store" have high 

review counts and good average ratings. Subcategories like "Fast Food Restaurant" tend to have lower 

average ratings despite many reviews. 

1.7.2  Text Analysis of Low-Rated Reviews 

 



Output: 

Top 20 words in low rating reviews: [(‘review’, 12156), (‘food’, 6245), (‘service’, 5081), (‘get’, 4181), 

(‘time’, 3618), (‘like’, 3435), (‘place’, 3418), (‘good’, 3184), (‘one’, 3162), (‘back’, 3021), (‘would’, 2945), 

(‘didn’t’, 2920), (‘never’, 2553), (‘even’, 2531), (‘order’, 2490), (‘didn’t’, 2363), (‘got’, 2353), (‘customer’, 

2031), (‘people’, 1984), (‘told’, 1905)] 

 

Insights: 

Highlights frequent negative phrases such as “bad,” “rude,” “never,” and “worst.” Indicates customer 

dissatisfaction related to poor service, unfulfilled orders, and rude staff. Rating trends indicate 

certain food-related segments often receive lower ratings despite high engagement. 

1.8 Reviewer Analysis: Business History and Similarities 

1.8.1  Creating Sorted Business Lists for Reviewers 

​
 



Output: 

 

1.8.2  Removing Duplicates from Reviewer Business Lists 

Removing duplicated business 

 

Top 10 users with the highest number of unique business reviews 

 

Output: 

 



Insights: 

Each user’s user_business_list shows the order of businesses they reviewed over time.  For most users, 

the number of businesses before and after removing duplicates is the same — meaning they reviewed 

each business only once. Some users (for example, Mariah Pestriakov) had a smaller count after 

removing duplicates (76 → 70), which means they reviewed the same business multiple times. 

1.8.3  Analyzing User Similarities Based on Reviewed Businesses 

 

Output: 

 



Strategy: 

Each user is represented by a binary vector over all businesses. 

●​ 1 → user reviewed the business. 

●​ 0 → user did not review the business. 

MultiLabelBinarizer encodes each user_business_list_unique into these vectors. Cosine similarity is used 

to compare user vectors, since it normalizes for differences in the number of reviews. The result is a 

user–user similarity matrix showing how aligned their business review histories are. Similar users can be 

clustered for segmentation or used to recommend new businesses by analogy. Alternative measures 

include Jaccard similarity (shared vs. total businesses) or Pearson correlation. This approach is simple, 

interpretable, and scalable to more users and businesses. 

Insights: 

Users with higher similarity values (closer to 1.0) have reviewed many of the same businesses. For 

example, Shaun Barlow shows the highest similarity (0.39) with Margaret, suggesting they share many 

reviewed businesses. Most similarities fall between 0.10–0.30, meaning overlap exists but is limited — 

users have diverse reviewing habits. Users like Ryan Stafford or Austin L show low overlap with others, 

indicating unique reviewing patterns. This similarity analysis can support collaborative filtering: 

recommending businesses reviewed by one user to another with a similar history. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

III. Part 2 Submission Prediction 
2.1 Time Series Analysis and Seasonality of Review Volumes 

When dealing with missing years in a time series, it’s crucial not to fill them with artificial or averaged 

values, as doing so introduces false patterns that can mislead forecasting models. Instead, the safer and 

more reliable approaches are:​
Model only the years with real data, ensuring the analysis reflects true historical behavior.​
Aggregate data to higher levels (like monthly or quarterly) to handle sparsity without distortion.​
Exclude completely missing years so that the model predicts based only on valid, observed data. 

This approach maintains data integrity, prevents bias, and results in more trustworthy and interpretable 

forecasts. 

​
​

 

 



The Data Continuity and Imputation Visualization section focuses on validating how missing dates or 

years are handled in the dataset. It begins by comparing yearly review counts before and after 

imputation to detect missing years or artificial jumps in data. Then, daily data presence is visualized — 

where green lines represent original data and orange lines show imputed (filled) dates — allowing you to 

confirm that missing gaps were filled accurately without over-imputation. Finally, before-and-after visual 

comparisons highlight data continuity improvements and reveal previously missing periods. Together, 

these analyses ensure that the dataset is complete, consistent, and reliable for time-series forecasting or 

further modeling. 

STEP 1: Data preparation 

 

Output: 

Column 'date' set as DatetimeIndex. Date range: 2013-01-01 00:00:00 to 2021-12-31 00:00:00 Total 

records: 3287 

 

 

 

 

 

 

 

 



STEP 2: Decomposition Methodology 

 

 
​
​
​
 

 

Used additive model: Y(t) = Trend(t) + Seasonal(t) + Residual(t). Seasonal period depends on the data 

frequency: 7 days for weekly patterns, 30 days for monthly patterns, 365 days for yearly patterns. 

extrapolate_trend='freq' ensures that the trend component is extended across the full index, even at the 

start and end, where seasonal decomposition may otherwise produce NaN values. 



Step 3: Seasonality Analysis 

 

 

 



 

 



To understand repeating patterns in the data, we decomposed the time series into trend, seasonal, and 

residual components. Seasonal strength was quantified by comparing the variance of the seasonal 

component against residual noise. A high seasonal strength indicates a clear, repeating pattern at that 

period 

Insights: 

There is a clear upward trend in review counts until around 2019, followed by a decline after 2020, 

visible in all decompositions. Yearly and monthly decompositions reveal strong seasonality, indicating 

recurring patterns within each year and month, while the weekly decomposition shows negligible weekly 

seasonality. Residuals vary more in later years, especially around 2019-2020, reflecting increased 

unpredictability or external shocks during that period. 

Step 5: Residual Analysis 

 

Output: 

Weekly: 

 

Monthly: 

 

 



 

Yearly: 

 

The function analyze_residuals  extracts the residual component, which is the leftover noise after 

removing trend and seasonality. 

Insights: 

For weekly, monthly, and yearly decompositions, the residual means are very close to zero compared to 

their standard deviations, indicating residuals behave like random noise. This randomness suggests the 

decomposition models effectively captured the primary patterns (trend and seasonality), leaving only 

noise. 

Step 4. Trend Analysis 

 

 

 

 



 

Output: 

 

 

 



 

 

 

Insights: 

Trend Analysis: Weekly decomposition: Slight downward trend (slope: −0.0051−0.0051 per time unit). 

Monthly and yearly decompositions: Both show a gentle upward trend 

(slopes: 0.01820.0182 and 0.00800.0080). These slopes indicate the direction and speed of change; a 

positive slope means an increasing trend, a negative slope means a decreasing. 



Seasonal pattern: Weekly pattern: Largest effect at "Week 6”, suggesting one day per week sees 

significantly higher counts. Monthly pattern: Peaks (like Month 16) indicate times in the month with a 

strong seasonal effect. 

Yearly pattern: The substantially higher or lower seasonal values (positive and negative swings) show 

times of year with either a surge or drop in counts (such as summer or winter effects). Identifying the 

period with the maximum seasonal effect helps pinpoint the strongest recurring cycle. 

Step 5: Visual Analysis 

 



 

 

The seasonal component plot details recurring periodic effects, making it easy to identify regular 

patterns such as yearly cycles, monthly fluctuations, or weekly effects. The residual component chart 

displays deviations not accounted for by trend or seasonality, highlighting periods of increased variability 

or outliers. Across all decompositions, close alignment between original and reconstructed series 

indicates effective component separation, while pronounced residual spikes may point to unusual events 

or anomalies in the dataset. 



Step 6. Statistical Validation 

 

 

 

 

Output: 

 



 

 

A statistical seasonality check was performed using the standard deviation of the seasonal component 

relative to the original data's variability. This method tests whether the seasonal variations are strong 

enough to be considered statistically significant. Following this, a detailed yearly seasonality analysis was 

conducted to identify how review counts fluctuate throughout different months. 

Insights: 

Statistical checks revealed that yearly seasonal effects are significant, while weekly and monthly effects 

are relatively weak, indicating that seasonality in review counts is best captured at the annual scale.July, 

September, and August are associated with the highest positive seasonal effects - these months tend to 

have increased review activity compared to the annual average. April and May show strong negative 

effects, marking these months as periods of substantially lower review activity. Visualizations further 



confirm that the seasonal effect is not uniformly distributed throughout the year, highlighting distinct 

busy and slow periods in the time series. 

 

2.2 Time Series Forecasting: ARIMA and Deep Learning Approaches 
Step 1: Plot original series and differences with ACF/PACF 

 

The first step before applying time series models like ARIMA or deep learning approaches is analyzing 

the stationarity of the data. Plotting the original series, its first difference, and its second difference, 

along with ACF (Autocorrelation Function) and PACF (Partial Autocorrelation Function) plots, provides 

crucial insights. This helps to determine the order of differencing (d parameter) required for ARIMA and 

guides model selection. 

The original series is plotted to visualize raw patterns, trends, and seasonality. First and second order 

differencing are used to stabilize the mean and remove trends or seasonality, allowing for easier 

modeling. ACF and PACF plots on each series help identify autocorrelation structures and suggest 

possible values for the p (AR) and q (MA) parameters in ARIMA. 

Output: 



 

Insights: 

The original series shows non-stationary behavior with visible trends and potential seasonality. First and 

second order differencing stabilize the mean and remove trend; ACF and PACF plots after differencing 

show reduced autocorrelation, suggesting the series is made stationary—a necessary step before ARIMA 

fitting. These diagnostics guide the selection of differencing order dd, with evidence 

supporting d=1d=1 for this dataset. 

 

 

 

 

 

 

 

Step 2: Fit individual ARIMA model and analyze residuals 



 

Fitting an individual ARIMA model involves specifying the model order (p,d,q)(p,d,q) and estimating 

model parameters on the time series data. After model fitting, the residuals, the differences between 

observed and model-predicted values, are analyzed for randomness and normality, which are indicators 

of model adequacy. 

Output: 

 



 

Insights: 

The summary for ARIMA(1,1,1) provides model coefficients and statistics. Estimated AR and MA 

parameters are significant and interpretable. Residual plots show most errors center around zero but 

also expose some spikes, suggesting occasional outliers or periods of increased variance. The density plot 

is nearly normal but a bit skewed, indicating most errors cluster tightly with some tails. The residual 

diagnostics and warnings (e.g., complex-step gradient) signal that the model is reasonable but could be 

further refined. 

Step 3: Complete 27-parameter grid search with walk-forward validation 

 



 

A comprehensive grid search is performed across all 27 ARIMA parameter 

combinations (p,d,q)(p,d,q) where each takes values 0, 1, or 2. The main goal is to identify the 

configuration that yields the lowest Mean Absolute Error (MAE) using walk-forward validation, which 

robustly simulates real forecasting scenarios. The time series is split into training and test sets. For each 

parameter set, an ARIMA model is trained, and forecasts are generated for the test period. MAE for each 

model quantifies its average prediction error on unseen data. The best model is chosen based on the 

lowest MAE, and its forecasts are visually compared with actual values. 

 



Output: 

 

 

 



Insights: 

Every ARIMA configuration with p,d,q∈{0,1,2}p,d,q∈{0,1,2} is tested with walk-forward validation, 

ensuring time-aware training and testing. The best-performing model is ARIMA(1,0,0) with the lowest 

MAE of 75.085, substantially better than many other configurations. Successful completion of all 27 

models suggests robust data preparation and model stability. The comparison table of top models shows 

very close MAE values, indicating some redundancy among optimal choices. 

Step 4: Single forecast with confidence intervals  

 

A single-step ARIMA forecast is performed to predict the next value in the time series, utilizing the best 

model found earlier. The key outputs include the expected forecast value, actual observed value, 

standard error of the forecast, and a confidence interval (CI) that quantifies prediction uncertainty. The 

training set includes all but the last data point, which is held back as the test observation. The best 

ARIMA model fits the training set and forecasts one step ahead. The prediction includes a 95% 

confidence interval, indicating the plausible range where the true value will likely fall, given model 

uncertainty. 

 

 



Output: 

 

Insights: 

The model’s forecast for the next value is very close to the actual, and the confidence interval contains 

the true value, reflecting good predictive performance and properly estimated uncertainty. The standard 

error and 95% interval communicate the reliability range for predictions, aiding decision-makers in risk 

assessment. 

Step 5: Final model evaluation with residual analysis 

 

The final model evaluation combines ARIMA forecasting performance and a detailed residual analysis to 

confirm the model's effectiveness. This step ensures that the selected ARIMA configuration both 

minimizes forecast error and adequately captures the underlying patterns in the time series. The best 

ARIMA model (identified via grid search) is assessed by its Mean Absolute Error (MAE), which should be 

as low as possible relative to the average series value. Residual analysis involves examining the difference 

between actual and forecasted values to confirm if remaining errors are randomly distributed and lack 

autocorrelation or obvious patterns. 

 

 



Output: 

 

 

Insights 

ARIMA Model Overview and Results 

ARIMA(1,0,0) applies a first-order autoregressive process: today's value is modeled as a linear function of 

yesterday's value plus a constant and random noise. No differencing was required, indicating stationarity 

in the underlying review count series. Absence of a moving average component means random shocks 

do not persist in the series. Model error (MAE) was 41.9% relative to the mean, aligning with 

expectations for noisy daily count data. The model captures basic patterns but leaves substantial 

variance unexplained, which is typical in such contexts. Top ARIMA models (including ARIMA(1,0,0), 

ARIMA(0,0,1), and ARIMA(0,0,0)) showed extremely similar performance, highlighting the sufficiency of 

simple autoregressive approaches in highly volatile series. Forecast confidence intervals remained wide 

(e.g., 19.8 to 338.6), reflecting intrinsic uncertainty and high natural variation in daily review counts. The 

model's mean prediction is sensible, but point estimates should be treated cautiously. 

Model Performance and Business Value 

The evaluation covered all 27 possible ARIMA combinations, validating the best configuration via 

walk-forward validation and residual analysis. The results provide a solid baseline for short-term 

operational planning, trend identification, and anomaly detection, setting realistic expectations about 

daily variability for decision-makers. 

Deep Learning Time Series Forecasting: LSTM and RNN 

Data Preparation Essentials: Deep learning models require transforming the univariate series into 

input/output sequences (sliding windows) and normalization (0–1 scaling) for stable training. 

Maintaining temporal order through non-random splits is critical for model validity. Additional features 

(lags, rolling statistics, seasonality indicators) and robust imputation of missing data further improve 

model training. 

 



Modeling Strategies: LSTM models are well-suited for capturing longer-term dependencies and 

mitigating vanishing gradients, while vanilla RNNs suffice for shorter patterns. Architecture choices 

(bidirectional, encoder-decoder) depend on forecasting horizon and available computational resources. 

Model training should incorporate regularization, early stopping, and walk-forward or time series 

cross-validation for rigorous evaluation. 

Benefits and Challenges: Deep learning techniques automatically model non-linear interactions and can 

handle multi-feature or external variable inputs. They outperform classical methods when complex 

temporal relationships or large datasets are present, but require more data, computation, and expertise. 

Black-box nature and risk of overfitting are notable limitations; interpretability and deployment 

complexity should be considered for production use. 

Implementation and References: Sequential implementation involves full normalization, sliding window 

creation, temporal split, architectural tuning, and validation against baselines. Key academic references 

include Hochreiter & Schmidhuber (LSTM), Brownlee (practical guides), and works on 

attention/transformers and multivariate forecasting. 

Comparative Perspective: ARIMA suffices for linear and moderately noisy series, especially with limited 

data or interpretability needs. LSTM/RNN approaches are appropriate when facing complex seasonality, 

multiple external factors, or when the forecasting task requires adaptive, non-linear modeling. Hybrid 

models (combining ARIMA and LSTM) may capture both linear and non-linear effects for improved 

forecasting performance. 

Strategic Considerations: ARIMA offers fast, interpretable forecasting with minimal overhead. Deep 

learning models deliver enhanced flexibility and accuracy but demand greater computational resources 

and specialized knowledge for deployment and maintenance. 

 

2.3 Quantitative Analysis and Trend Discovery 
We systematically reviewed the PDF- UA_Indigenous_Strategy_Annual_Report_May-2022 and identified 

all relevant quantitative content — tables, charts, and figures — that could be digitized. Each table was 

extracted into a structured format (CSV and Excel), cleaned for consistency, and validated against the 

original document to ensure fidelity. The cleaned datasets are stored in the project data/ folder for 

downstream analysis. 

2.3.1 Extraction: 

Method 1A: Tabula-based PDF Table Extraction 

https://drive.google.com/file/d/10HXtqF5gCJCsPtxtuJJhnI6g0aTDt9Ra/view?usp=sharing


 

Output: 

 

 

Tabula library is utilized to extract the table from the PDF. Tabula is effective in extracting tables from 

PDFs while preserving their tabular structure. The extraction process follows these key steps: 

Reading Tables:The entire PDF is scanned across all pages to identify and extract multiple tables. 

Tabula's lattice=True mode is used to accurately detect tables that contain explicit borders or gridlines. 



Filtering Tables: Extracted tables undergo cleaning steps: empty rows and columns filled with NaN values 

are dropped. Tables with fewer than 3 rows or 3 columns, or those containing more than 50% missing 

data, are discarded. This ensures that only meaningful and robust data tables are retained. 

Selecting the Largest Table: Among the filtered tables, the one with the largest number of cells (rows × 

columns) is selected as the final table, under the assumption that it is the most comprehensive and 

relevant. 

Saving for Analysis:​
The cleaned table is saved in CSV format for further data analytics, trend discovery, and visualization. 

Method 2: Computer Vision + OCR Extraction 

Step 1: Image Preprocessing: 

 

The relevant data chart is loaded as an image. Multiple preprocessing techniques are applied using 

OpenCV, including grayscale conversion and three types of thresholding (binary, Otsu’s, and adaptive). 

These methods enhance text clarity, which helps improve OCR accuracy on complex images. 



Step 2: OCR Extraction: 

 

Each preprocessed image variant is processed with Tesseract OCR using several page segmentation 

modes (e.g., PSM6, PSM8, PSM11), maximizing the chance of correct number recognition. Extracted text 

is parsed for numeric values (enrollment numbers). 

Adding results for one of the graphs from the PDF for Indigenous student enrolments  

 



 

 

 



 

 

Step 3: Post-processing and Data Cleaning: 

. 

OCR results often contain duplicates, misreads, or ordering errors. The script includes logic to 

deduplicate, correct common OCR misreads (e.g., misinterpreted digits or comma placements), and 

properly align results with their 10/5/2025corresponding years (2006–2020). 

 

 



Step 4: Structuring the Data: 

 

Cleaned enrollment numbers are organized into a Pandas DataFrame with "Year" and "Enrollment" 

columns, and then saved as a CSV for further analysis and visualization. 

Step 5: Visualization and Summary: 

The extracted time series data is plotted to visually show the trend in Indigenous university enrollments 

from 2006 to 2020. Key summary statistics are computed, including the highest, lowest, and average 

enrollment, as well as the largest year-over-year increase and decrease. 

 

 

 

 

 

 

 

 

 



Method 3: Manual DataFrame Creation (Primary Method) 

Creating a data set manually and through an external LLM 

 

Calling a universal function for the dataset 

 

When data tables from the annual report are not accessible via automated extraction methods, datasets 

are manually constructed using the pandas library. This involves transcribing values from figures, 

captions, and tables directly into Python lists or dictionaries. Where interpretation of complex tables or 

ambiguous data was required, external LLMs (Large Language Models) were used to assist in 

reconstructing missing details and verifying patterns. A “run_complete_analysis_universal” function 

automates the analysis process: it generates line plots, bar charts, saves results, and prints file locations. 

This makes it easy to repeatedly apply visualizations and data checks to multiple datasets without 

rewriting code for each table. 

 

 

 

 

 

 



Output: 

 

 

 

 



2.3.2 Data Analysis: 

This automated analytics pipeline enables the synthesis of the Indigenous annual report data across 

many dimensions. It highlights temporal trends, disparities, and progress in Indigenous higher education 

participation and outcomes. The modular design supports easy updates as new data or datasets become 

available. 

Output: 

 



 

 

 

 

 

 

 

 

 



Insights: 

 



 

 



 

 

Reason for Choosing Manual DataFrame Creation Over Other Methods 

1) Why was this solution chosen? The chosen solution balances accuracy, completeness, and feasibility. 

Automated PDF extraction and OCR methods were tested but found to be limited by inconsistent table 

formats and image quality, risking data loss or errors.  

2) Other possible solutions: Fully automated PDF parsing tools or commercial OCR software could have 

been used, but they likely yield noisy data requiring significant cleaning. Advanced AI vision models could 

potentially extract image-based data, but are not widely available or easily implemented. 

3) Optimality of the solution: This solution is optimal given the need for high data integrity and accuracy 

from complex, varied report formats. The report’s broad scope across many years and metrics requires 

consistent and comparable data structures. 

 



IV. Conclusion 

This project provided a comprehensive exploration of business review data through multiple analytical 

dimensions — from data acquisition and preprocessing to advanced modeling and forecasting. 

In Part I, we began by cleaning and preparing the data, ensuring time consistency through timestamp 

conversions and missing review handling. Detailed temporal analyses revealed meaningful behavioral 

patterns — such as review peaks during weekends and evening hours, and dominant categories like 

restaurants and tourist attractions driving the majority of interactions. 

The text review analysis further deepened our understanding of customer sentiment, with positive 

reviews emphasizing service quality and food experience, while low-rated reviews exposed 

dissatisfaction linked to poor service or staff behavior. The word cloud visualizations made these insights 

intuitively interpretable. 

Building upon this understanding, we implemented a hybrid business recommendation system, 

integrating both collaborative filtering (based on user-business interactions) and content-based similarity 

(based on business categories). This model demonstrated how personalized suggestions can be 

generated, even with sparse or diverse user histories. The analysis of user similarity matrices highlighted 

groups of reviewers with shared preferences, opening possibilities for targeted recommendations and 

customer segmentation strategies. 

In Part II, we shifted focus to time series forecasting, analyzing the seasonality and temporal evolution of 

review volumes. Through ARIMA and deep learning approaches, we identified underlying trends and 

seasonality patterns — such as review surges during specific months — offering valuable insights into 

customer engagement cycles. 

Finally, by extracting and structuring quantitative data from the PDF reports, we ensured that all visual 

and numerical insights were validated and reproducible, forming a reliable foundation for future 

analytical extensions. 

Overall, the project successfully combined data engineering, exploratory analytics, machine learning, and 

time series forecasting to deliver a holistic understanding of business reviews, customer behavior, and 

recommendation dynamics. It demonstrates how integrating structured, unstructured, and temporal 

data can empower businesses with actionable intelligence to enhance customer satisfaction and 

engagement. 

V. Team Collaboration, Learning, And Contributions 
For this assignment, each team member independently worked on solving the problems, and we later 

held discussions to review all approaches and collectively selected the most optimal solution. Through 

this process, we learned the value of diverse problem-solving methods and the importance of effective 

communication when comparing solutions. Each member contributed by analyzing specific problems, 

bringing unique insights to the table, and participating in group discussions, ensuring that all 



perspectives were considered before finalizing our answers. This collaborative approach not only 

improved our technical understanding but also enhanced our teamwork skills, as everyone played an 

active role in completing the assignment efficiently. 
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