Installing TigerGraph Enterprise (Distributed Deployment)

TigerGraph Enterprise supports distributed multi-node deployments, where graph data and query processing are partitioned across multiple physical machines (nodes) to aggregate memory, CPU, and I/O for large graphs.

1. Obtaining TigerGraph Enterprise
TigerGraph Enterprise Edition can be downloaded from the official TigerGraph distribution portal: https://dl.tigergraph.com/?tab=enterprise
From the download page, the following package was selected:
· Product: TigerGraph DB Server
· Platform: Linux x64
· Version: TigerGraph DB Server 4.2.2
· Installer Type: Offline installer
· Files provided:
· Offline installation archive
· Signature file
· Enterprise license key (trial)

2. Cluster Setup
The deployment consists of:
· One installer node (used only to launch installation)
· Seven worker nodes (data and compute nodes)
All worker nodes have identical hardware and operating system configurations to satisfy TigerGraph’s requirement for homogeneous cluster nodes.
Passwordless SSH access from the installer node to all worker nodes was configured in advance.

3. Transferring the Installer
After downloading the offline installer, the archive was transferred to the installer node:
scp tigergraph-4.2.2-offline.tar.gz exouser@master:/shared2/tigergraph_install/
On the installer node:
cd /shared2/tigergraph_install
tar -xvf tigergraph-4.2.2-offline.tar.gz
cd tigergraph-4.2.2-offline

4. Installation Configuration
TigerGraph Enterprise supports non-interactive installation through a JSON configuration file (install_conf.json). This file specifies cluster topology, authentication, installation paths, and license information.
4.1 Configuration File (install_conf.json)
{
  "BasicConfig": {
    "TigerGraph": {
      "Username": "tigergraph",
      "Password": "tigergraph",
      "SSHPort": 22,
      "PrivateKeyFile": "/home/exouser/.ssh/id_rsa"
    },
    "RootDir": {
      "AppRoot": "/home/tigergraph/tigergraph/app",
      "DataRoot": "/home/tigergraph/tigergraph/data",
      "LogRoot": "/home/tigergraph/tigergraph/log",
      "TempRoot": "/home/tigergraph/tigergraph/tmp"
    },
    "License": "<ENTERPRISE_LICENSE_KEY>",
    "RegionAware": false,
    "NodeList": [
      "m1: largenode1",
      "m2: largenode2",
      "m3: largenode3",
      "m4: largenode4",
      "m5: largenode5",
      "m6: largenode6",
      "m7: largenode7"
    ]
  },
  "AdvancedConfig": {
    "ClusterConfig": {
      "LoginConfig": {
        "SudoUser": "exouser",
        "Method": "K",
        "K": "/home/exouser/.ssh/id_rsa"
      },
      "ReplicationFactor": 1
    }
  }
}


· The installer node is not included in NodeList.
· A single license key is applied to the entire cluster.
· Replication factor is set to 1 to maximize usable memory for benchmarking.
· SSH key-based authentication is used for automated deployment.

5. Running the Installation
From the installer directory, TigerGraph Enterprise was installed using:
sudo ./install.sh -n

The -n flag enables non-interactive installation using the configuration file.
The installer performs the following steps automatically:
· Validates SSH connectivity to all nodes
· Deploys TigerGraph services on each worker node
· Initializes distributed coordination services
· Starts the TigerGraph cluster
Upon completion, the installer reports successful startup.

6. Verifying the Installation
All verification steps are performed on a worker node (e.g., largenode1).
6.1 Service Status
sudo su – tigergraph
gadmin status

All services should be reported as Online or Running.
6.2 GSQL Shell
gsql
A successful prompt confirms that the database is operational.

7. Web Interface (GraphStudio)
TigerGraph provides a web-based interface for monitoring and interaction. The interface is available at:
http://largenode1<ip>:14240
GraphStudio is used for schema inspection, loading job execution, and query testing.

8. Persistence and Reboots
Graph data and metadata are stored on persistent disks under the configured DataRoot. As a result:
· Node reboots or instance shelving do not erase data
· After reboot, the cluster can be restarted with:
sudo su – tigergraph
gadmin start all

Data Preprocessing with PySpark
Amazon dataset requires preprocessing before loading into TigerGraph:
Why Preprocessing?
· Neo4j compatibility: Neo4j handles inline transformations during MERGE operations
· TigerGraph requirement: Requires pre-processed, clean CSV/JSON files
· Data completeness: Must extract vertices from multiple sources including metadata files, review files, and relationship arrays

Product Vertex
from pyspark.sql import functions as F
import json

good_categories = [
    "All_Beauty", "Appliances", "Arts_Crafts_and_Sewing",
    "Automotive", "Books", "CDs_and_Vinyl", "Cell_Phones_and_Accessories",
    "Digital_Music", "Electronics", "Gift_Cards", "Grocery_and_Gourmet_Food",
    "Home_and_Kitchen", "Industrial_and_Scientific", "Kindle_Store",
    "Luxury_Beauty", "Magazine_Subscriptions", "Movies_and_TV",
    "Musical_Instruments", "Office_Products", "Patio_Lawn_and_Garden",
    "Pet_Supplies", "Prime_Pantry", "Software",
    "Tools_and_Home_Improvement", "Toys_and_Games", "Video_Games"
]

bad_categories = ["Amazon_Fashion", "Clothing_Shoes_and_Jewelry"]

def extract_product_from_metadata(row_json):
    """Extract product with full details from metadata"""
    try:
        data = json.loads(row_json)
        asin = data.get('asin')
        if not asin:
            return []
        
        title = data.get('title', '')
        brand = data.get('brand', '')
        
        # Description
        desc = data.get('description', [])
        if isinstance(desc, list):
            description_str = ', '.join(desc)
        else:
            description_str = str(desc) if desc else ''
        
        # Price parsing
        price = data.get('price', '')
        price_min, price_max = None, None
        if price:
            price_clean = ''.join(c for c in str(price) if c.isdigit() or c in '.-')
            if '-' in price_clean:
                parts = price_clean.split('-')
                try:
                    price_min = float(parts[0].strip())
                    price_max = float(parts[1].strip())
                except:
                    pass
            else:
                try:
                    price_min = price_max = float(price_clean)
                except:
                    pass
        
        return [(asin, title, brand, description_str, price_min, price_max)]
    except:
        return []

def extract_also_buy_also_view(row_json):
    """Extract ASINs from also_buy and also_view - no details"""
    try:
        data = json.loads(row_json)
        asins = []
        
        also_buy = data.get('also_buy', [])
        if isinstance(also_buy, list):
            asins.extend([(asin, '', '', '', None, None) for asin in also_buy if asin])
        
        also_view = data.get('also_view', [])
        if isinstance(also_view, list):
            asins.extend([(asin, '', '', '', None, None) for asin in also_view if asin])
        
        return asins
    except:
        return []

def extract_review_asin(row_json):
    """Extract ASIN from review - no details"""
    try:
        data = json.loads(row_json)
        asin = data.get('asin')
        if asin:
            return [(asin, '', '', '', None, None)]
        return []
    except:
        return []

# Collect all products
all_products_rdd = spark.sparkContext.emptyRDD()

# Step 1: Metadata (with full details)
print("\n=== STEP 1: Processing Metadata ===")
for cat in good_categories + bad_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/meta_{cat}.json"
    print(f"Reading metadata: {cat}")
    
    df_text = spark.read.text(path)
    products_rdd = df_text.rdd.flatMap(lambda row: extract_product_from_metadata(row[0]))
    all_products_rdd = all_products_rdd.union(products_rdd)

# Step 2: also_buy/also_view (ASINs only, no details)
print("\n=== STEP 2: Processing also_buy/also_view ===")
for cat in good_categories + bad_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/meta_{cat}.json"
    print(f"Reading also_buy/also_view: {cat}")
    
    df_text = spark.read.text(path)
    related_rdd = df_text.rdd.flatMap(lambda row: extract_also_buy_also_view(row[0]))
    all_products_rdd = all_products_rdd.union(related_rdd)

# Step 3: Reviews (ASINs only, no details)
print("\n=== STEP 3: Processing Review ASINs ===")
for cat in good_categories + bad_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/{cat}.json"
    print(f"Reading reviews: {cat}")
    
    df_text = spark.read.text(path)
    review_rdd = df_text.rdd.flatMap(lambda row: extract_review_asin(row[0]))
    all_products_rdd = all_products_rdd.union(review_rdd)

# Convert to DataFrame
print("\n=== Converting to DataFrame ===")
df_all = all_products_rdd.toDF(["asin", "title", "brand", "description_str", "price_min", "price_max"])

# Write
output_path = "hdfs://master:9000/tg/amazon/product_json"
print(f"\n=== Writing to: {output_path} ===")
df_all.write.mode("overwrite").json(output_path)

print("\n=== DONE! ===")
count = df_all.count()
print(f"Total products extracted: {count}")

What these extracts:
· Product metadata with full attributes (title, brand, description, prices)
· Referenced products from also_buy and also_view arrays (ASIN only, empty attributes)
· Products mentioned in reviews (ASIN only, empty attributes)
· Price parsing handles both single values and ranges
· Skips deduplication (expensive operation) - TigerGraph handles duplicates via PRIMARY_ID constraint

Category Vertex
def clean_category_name(cat_name):
    if cat_name:
        return cat_name.replace("&amp;", "&")
    return cat_name
clean_category_udf = F.udf(clean_category_name, StringType())

df_all_categories = None
for cat in good_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/meta_{cat}.json"
    print(f"\n=== Reading category: {cat} ===")
    
    df = spark.read.json(path)
    
    if "category" not in df.columns:
        print(f"No 'category' field in {cat}, skipping...")
        continue
    
    df_exploded = df.select(
        F.explode("category").alias("category_name")
    ).filter(
        F.col("category_name").isNotNull()
    ).filter(
        F.length(F.col("category_name")) > 0
    )
    df_clean = df_exploded.withColumn(
        "name",
        clean_category_udf(F.col("category_name"))
    ).select("name")
    
    if df_all_categories is None:
        df_all_categories = df_clean
    else:
        df_all_categories = df_all_categories.unionByName(df_clean)
    
    print(f"Finished category: {cat}")
for cat in bad_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/meta_{cat}.json"
    print(f"\n=== Reading category (JSON Lines): {cat} ===")
    
    df_text = spark.read.text(path)
    df_json = df_text.rdd.map(lambda r: json.loads(r[0]))
    df_bad = spark.createDataFrame(df_json)
    
    if "category" not in df_bad.columns:
        print(f"No 'category' field in {cat}, skipping...")
        continue
    
    df_exploded = df_bad.select(
        F.explode("category").alias("category_name")
    ).filter(
        F.col("category_name").isNotNull()
    ).filter(
        F.length(F.col("category_name")) > 0
    )
    df_clean = df_exploded.withColumn(
        "name",
        clean_category_udf(F.col("category_name"))
    ).select("name")
    
    df_all_categories = df_all_categories.unionByName(df_clean)
    
    print(f"Finished category: {cat}")

output_path = "hdfs://master:9000/tg/amazon/category_json"
print(f"\n=== Writing Category JSON to: {output_path} ===")
df_all_categories.write.mode("overwrite").json(output_path)
print("\nDONE: All Category JSON saved successfully.")

What these extracts:
· Extracts all category names from category array in metadata files
· Cleans &amp; to & (matching Neo4j)
· No deduplication - TigerGraph handles via PRIMARY_ID

Image vertex
df_all_images = None
for cat in good_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/meta_{cat}.json"
    print(f"\n=== Reading category: {cat} ===")
    
    df = spark.read.json(path)
    
    if "imageURL" not in df.columns or "imageURLHighRes" not in df.columns:
        print(f"No image fields in {cat}, skipping...")
        continue
    
    # Filter where both arrays exist and have same size
    df_with_images = df.filter(
        F.col("imageURL").isNotNull() & 
        F.col("imageURLHighRes").isNotNull() &
        (F.size("imageURL") == F.size("imageURLHighRes"))
    )
    
    # Explode both arrays together using arrays_zip
    df_exploded = df_with_images.select(
        F.explode(F.arrays_zip("imageURL", "imageURLHighRes")).alias("img_pair")
    ).select(
        F.col("img_pair.imageURL").alias("url"),
        F.col("img_pair.imageURLHighRes").alias("highRes")
    ).filter(
        F.col("url").isNotNull()
    )
    
    if df_all_images is None:
        df_all_images = df_exploded
    else:
        df_all_images = df_all_images.unionByName(df_exploded)
    
    print(f"Finished category: {cat}")

for cat in bad_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/meta_{cat}.json"
    print(f"\n=== Reading category (JSON Lines): {cat} ===")
    
    df_text = spark.read.text(path)
    df_json = df_text.rdd.map(lambda r: json.loads(r[0]))
    df_bad = spark.createDataFrame(df_json)
    
    if "imageURL" not in df_bad.columns or "imageURLHighRes" not in df_bad.columns:
        print(f"No image fields in {cat}, skipping...")
        continue    
    df_with_images = df_bad.filter(
        F.col("imageURL").isNotNull() & 
        F.col("imageURLHighRes").isNotNull() &
        (F.size("imageURL") == F.size("imageURLHighRes"))
    )
    df_exploded = df_with_images.select(
        F.explode(F.arrays_zip("imageURL", "imageURLHighRes")).alias("img_pair")
    ).select(
        F.col("img_pair.imageURL").alias("url"),
        F.col("img_pair.imageURLHighRes").alias("highRes")
    ).filter(
        F.col("url").isNotNull()
    )
    df_all_images = df_all_images.unionByName(df_exploded)    
    print(f"Finished category: {cat}")

output_path = "hdfs://master:9000/tg/amazon/image_json"
print(f"\n=== Writing Image JSON to: {output_path} ===")
df_all_images.write.mode("overwrite").json(output_path)
print("\nDONE: All Image JSON saved successfully.")

What these extracts:
· Extracts from imageURL and imageURLHighRes arrays in metadata files
· Only includes images where both arrays exist AND have same size
· Pairs URLs using arrays_zip (url from imageURL, highRes from imageURLHighRes)
· Filters out null URLs
· No deduplication - TigerGraph handles via PRIMARY_ID

Review vertex
df_all_reviews = None

for cat in good_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/{cat}.json"
    print(f"\n=== Reading category: {cat} ===")
    
    df_text = spark.read.text(path)
    df_json = df_text.rdd.map(lambda r: json.loads(r[0]))
    df = spark.createDataFrame(df_json)
    
    if "vote" not in df.columns:
        df = df.withColumn("vote", F.lit(None).cast("int"))
    if "summary" not in df.columns:
        df = df.withColumn("summary", F.lit(None))
    if "reviewText" not in df.columns:
        df = df.withColumn("reviewText", F.lit(None))
    
    df = df.withColumn(
        "review_id",
        F.concat_ws("_", F.col("reviewerID"), F.col("asin"), F.col("unixReviewTime").cast("string"))
    )
    
    # Don't parse datetime - just set to NULL for now
    df = df.withColumn("reviewDatetime", F.lit(None).cast("timestamp"))
    
    df_clean = df.select(
        "review_id",
        "reviewerID",
        "asin",
        F.col("unixReviewTime").cast("int").alias("unixReviewTime"),
        "reviewDatetime",
        F.coalesce(F.col("summary"), F.lit("")).alias("summary"),
        F.coalesce(F.col("reviewText"), F.lit("")).alias("reviewText"),
        "verified",
        F.col("vote").cast("int").alias("vote"),
        F.col("overall").cast("int").alias("overall")
    )
    
    if df_all_reviews is None:
        df_all_reviews = df_clean
    else:
        df_all_reviews = df_all_reviews.unionByName(df_clean)
    
    print(f"Finished category: {cat}")

for cat in bad_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/{cat}.json"
    print(f"\n=== Reading category (JSON Lines): {cat} ===") 
    df_text = spark.read.text(path)
    df_json = df_text.rdd.map(lambda r: json.loads(r[0]))
    df_bad = spark.createDataFrame(df_json)
    
    if "vote" not in df_bad.columns:
        df_bad = df_bad.withColumn("vote", F.lit(None).cast("int"))
    if "summary" not in df_bad.columns:
        df_bad = df_bad.withColumn("summary", F.lit(None))
    if "reviewText" not in df_bad.columns:
        df_bad = df_bad.withColumn("reviewText", F.lit(None))
    
    df_bad = df_bad.withColumn(
        "review_id",
        F.concat_ws("_", F.col("reviewerID"), F.col("asin"), F.col("unixReviewTime").cast("string"))
    )
    
    df_bad = df_bad.withColumn("reviewDatetime", F.lit(None).cast("timestamp"))
    
    df_clean = df_bad.select(
        "review_id",
        "reviewerID",
        "asin",
        F.col("unixReviewTime").cast("int").alias("unixReviewTime"),
        "reviewDatetime",
        F.coalesce(F.col("summary"), F.lit("")).alias("summary"),
        F.coalesce(F.col("reviewText"), F.lit("")).alias("reviewText"),
        "verified",
        F.col("vote").cast("int").alias("vote"),
        F.col("overall").cast("int").alias("overall")
    )
    
    df_all_reviews = df_all_reviews.unionByName(df_clean)
    print(f"Finished category: {cat}")
output_path = "hdfs://master:9000/tg/amazon/review_json"
print(f"\n=== Writing Review JSON to: {output_path} ===")
df_all_reviews.write.mode("overwrite").json(output_path)
print("\nDONE: All Review JSON saved successfully.")
What these extracts:
· Extracts from review files (not metadata)
· review_id generated from reviewerID + asin + unixReviewTime (TigerGraph needs PRIMARY_ID, Neo4j doesn't)
· reviewDatetime set to NULL (malformed dates in source data - can compute from unixReviewTime later if needed)
· summary, reviewText coalesced to empty string
· vote, overall can be NULL
· verified is boolean
· No deduplication - TigerGraph handles via PRIMARY_ID

Reviewer vertex
df_all_reviewers = None
for cat in good_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/{cat}.json"
    print(f"\n=== Reading category: {cat} ===")
    df_text = spark.read.text(path)
    df_json = df_text.rdd.map(lambda r: json.loads(r[0]))
    df = spark.createDataFrame(df_json)
    
    if "reviewerName" not in df.columns:
        df = df.withColumn("reviewerName", F.lit(None))
    
    df_clean = df.select(
        "reviewerID",
        F.coalesce(F.col("reviewerName"), F.lit("")).alias("name")
    )
    if df_all_reviewers is None:
        df_all_reviewers = df_clean
    else:
        df_all_reviewers = df_all_reviewers.unionByName(df_clean)
    print(f"Finished category: {cat}")

for cat in bad_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/{cat}.json"
    print(f"\n=== Reading category (JSON Lines): {cat} ===")
    
    df_text = spark.read.text(path)
    df_json = df_text.rdd.map(lambda r: json.loads(r[0]))
    df_bad = spark.createDataFrame(df_json)
    
    if "reviewerName" not in df_bad.columns:
        df_bad = df_bad.withColumn("reviewerName", F.lit(None))    
    df_clean = df_bad.select(
        "reviewerID",
        F.coalesce(F.col("reviewerName"), F.lit("")).alias("name")
    )
    
    df_all_reviewers = df_all_reviewers.unionByName(df_clean)
    print(f"Finished category: {cat}")
output_path = "hdfs://master:9000/tg/amazon/reviewer_json"
print(f"\n=== Writing Reviewer JSON to: {output_path} ===")
df_all_reviewers.write.mode("overwrite").json(output_path)
print("\nDONE: All Reviewer JSON saved successfully.")
What these extracts:
· Extracts from review files (reviewerID and reviewerName fields)
· reviewerID is PRIMARY_ID
· name from reviewerName, coalesced to empty string
· No deduplication - TigerGraph handles via PRIMARY_ID

ReviewImage vertex
# Set higher sampling ratio for schema inference
spark.conf.set(“spark.sql.files.maxRecordsForSchemaTypeInference”, “10000”)
df_all_review_images = None
for cat in good_categories:
    path = f”hdfs://master:9000/amazon_data/{cat}/{cat}.json”
    print(f”\n=== Reading category: {cat} ===”)
    df_text = spark.read.text(path)
    
    # Sample more rows for schema inference
    sample_size = min(10000, df_text.count())
    sample = df_text.take(sample_size)
    df = spark.createDataFrame([json.loads(r[0]) for r in sample])
    schema = df.schema
    # Now read all data with inferred schema
    df_all = df_text.rdd.map(lambda r: json.loads(r[0]))
    df = spark.createDataFrame(df_all, schema=schema)
    
    if “image” not in df.columns:
        df = df.withColumn(“image”, F.array())
    
    df_exploded = df.select(
        F.explode(F.coalesce(F.col(“image”), F.array())).alias(“url”)
    ).filter(
        F.col(“url”).isNotNull()
    )  
    if df_all_review_images is None:
        df_all_review_images = df_exploded
    else:
        df_all_review_images = df_all_review_images.unionByName(df_exploded)
    
    print(f”Finished category: {cat}”)
for cat in bad_categories:
    path = f”hdfs://master:9000/amazon_data/{cat}/{cat}.json”
    print(f”\n=== Reading category (JSON Lines): {cat} ===”)
    
    df_text = spark.read.text(path)
    sample_size = min(10000, df_text.count())
    sample = df_text.take(sample_size)
    df = spark.createDataFrame([json.loads(r[0]) for r in sample])
    schema = df.schema
    
    df_all = df_text.rdd.map(lambda r: json.loads(r[0]))
    df_bad = spark.createDataFrame(df_all, schema=schema)
    
    if “image” not in df_bad.columns:
        df_bad = df_bad.withColumn(“image”, F.array())
    
    df_exploded = df_bad.select(
        F.explode(F.coalesce(F.col(“image”), F.array())).alias(“url”)
    ).filter(
        F.col(“url”).isNotNull()
    )
    
    df_all_review_images = df_all_review_images.unionByName(df_exploded)    
    print(f”Finished category: {cat}”)
output_path = “hdfs://master:9000/tg/amazon/reviewimage_json”
print(f”\n=== Writing ReviewImage JSON to: {output_path} ===”)
df_all_review_images.write.mode(“overwrite”).json(output_path)
print(“\nDONE: All ReviewImage JSON saved successfully.”)
What these extracts:
· Extracts from review files (image array field)
· Explodes image array to individual URLs
· url is PRIMARY_ID
· Schema inference samples 10,000 rows per category (fixes missing image column issue)
· No deduplication – TigerGraph handles via PRIMARY_ID (6.39M extracted → ~5.7M after dedup in TigerGraph)

HAS_PRODUCT_IMAGE Edge (Product  Image)
def extract_image_edges(row_json):
    “””Extract edges from a single JSON row”””
    try:
        data = json.loads(row_json)
        asin = data.get(‘asin’)
        image_url = data.get(‘imageURL’)
        image_url_high = data.get(‘imageURLHighRes’)
        
        if not asin:
            return []
        
        # Handle case where imageURL is array
        if isinstance(image_url, list) and isinstance(image_url_high, list):
            if len(image_url) == len(image_url_high):
                return [(asin, url) for url in image_url]
        
        return []
    except:
        return []
df_all_edges = None

for cat in good_categories + bad_categories:
    path = f”hdfs://master:9000/amazon_data/{cat}/meta_{cat}.json”
    print(f”\n=== Reading category: {cat} ===”)    
    df_text = spark.read.text(path)
    
    # Extract edges using flatMap
    edges_rdd = df_text.rdd.flatMap(lambda row: extract_image_edges(row[0]))
    
    if edges_rdd.isEmpty():
        print(f”No image edges in {cat}, skipping…”)
        continue
    
    df_edges = edges_rdd.toDF([“from_asin”, “to_url”])
    
    if df_all_edges is None:
        df_all_edges = df_edges
    else:
        df_all_edges = df_all_edges.unionByName(df_edges)
    
    print(f”Finished category: {cat}”)

output_path = “hdfs://master:9000/tg/amazon/has_product_image_edge”
print(f”\n=== Writing HAS_PRODUCT_IMAGE edge to: {output_path} ===”)
df_all_edges.write.mode(“overwrite”).json(output_path)
print(“\nDONE: HAS_PRODUCT_IMAGE edge saved successfully.”)
What these extracts:
· Connects Product to Image (official product photos)
· Source: metadata files
· FROM: Product.asin
· TO: Image.url (from imageURL array)
· Only creates edges when both imageURL and imageURLHighRes exist and have same array length
· Uses row-by-row extraction to handle schema inconsistencies (some rows have imageURL as string vs array)

HAS_REVIEW_IMAGE (Review  ReviewImage)
def extract_review_image_edges(row_json):
    “””Extract review->reviewimage edges from a single JSON row”””
    try:
        data = json.loads(row_json)
        reviewer_id = data.get(‘reviewerID’)
        asin = data.get(‘asin’)
        unix_review_time = data.get(‘unixReviewTime’)
        image = data.get(‘image’)
        
        if not reviewer_id or not asin or unix_review_time is None:
            return []
        # Generate review_id same way as Review vertex
        review_id = f”{reviewer_id}_{asin}_{unix_review_time}”     
        # Handle image array
        if isinstance(image, list):
            return [(review_id, url) for url in image if url]
        
        return []
    except:
        return []
df_all_edges = None
for cat in good_categories + bad_categories:
    path = f”hdfs://master:9000/amazon_data/{cat}/{cat}.json”
    print(f”\n=== Reading category: {cat} ===”)
    
    df_text = spark.read.text(path)    
    edges_rdd = df_text.rdd.flatMap(lambda row: extract_review_image_edges(row[0]))
    
    if edges_rdd.isEmpty():
        print(f”No review image edges in {cat}, skipping…”)
        continue    
    df_edges = edges_rdd.toDF([“from_review_id”, “to_url”])
    
    if df_all_edges is None:
        df_all_edges = df_edges
    else:
        df_all_edges = df_all_edges.unionByName(df_edges) 
    print(f”Finished category: {cat}”)
output_path = “hdfs://master:9000/tg/amazon/has_review_image_edge”
print(f”\n=== Writing HAS_REVIEW_IMAGE edge to: {output_path} ===”)
df_all_edges.write.mode(“overwrite”).json(output_path)
print(“\nDONE: HAS_REVIEW_IMAGE edge saved successfully.”)
What these extracts:
· Connects Review to ReviewImage (user-uploaded review photos)
· Source: review files
· FROM: Review.review_id (generated as reviewerID_asin_unixReviewTime)
· TO: ReviewImage.url (from image array in reviews)
· Only creates edges when image array exists and contains valid URLs
· Uses row-by-row extraction with flatMap to handle missing/null image fields
· No deduplication – TigerGraph handles via edge constraints

ALSO_BUY Edge (Product → Product)
def extract_also_buy_edges(row_json):
    """Extract ALSO_BUY edges from a single JSON row"""
    try:
        data = json.loads(row_json)
        asin = data.get('asin')
        also_buy = data.get('also_buy')
        
        if not asin:
            return []      
        # Handle also_buy array
        if isinstance(also_buy, list):
            return [(asin, related_asin) for related_asin in also_buy if related_asin]
        
        return []
    except:
        return []

df_all_edges = None
for cat in good_categories + bad_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/meta_{cat}.json"
    print(f"\n=== Reading category: {cat} ===")
    
    df_text = spark.read.text(path) 
    edges_rdd = df_text.rdd.flatMap(lambda row: extract_also_buy_edges(row[0]))  
    if edges_rdd.isEmpty():
        print(f"No ALSO_BUY edges in {cat}, skipping...")
        continue
    
    df_edges = edges_rdd.toDF(["from_asin", "to_asin"])
    
    if df_all_edges is None:
        df_all_edges = df_edges
    else:
        df_all_edges = df_all_edges.unionByName(df_edges) 
    print(f"Finished category: {cat}")
output_path = "hdfs://master:9000/tg/amazon/also_buy_edge"
print(f"\n=== Writing ALSO_BUY edge to: {output_path} ===")
df_all_edges.write.mode("overwrite").json(output_path)
print("\nDONE: ALSO_BUY edge saved successfully.")
What these extracts:
· Connects products that are frequently bought together
· Source: metadata files, also_buy array field
· FROM: Product.asin (source product)
· TO: Product.asin (related product customers also purchased)
· Uses row-by-row extraction to handle schema inconsistencies
· Filters out empty/null ASINs

ALSO_VIEW Edge (Product → Product)
def extract_also_view_edges(row_json):
    """Extract ALSO_VIEW edges from metadata"""
    try:
        data = json.loads(row_json)
        asin = data.get('asin')
        also_view = data.get('also_view')
        
        if not asin:
            return []     
        # Handle also_view array
        if isinstance(also_view, list):
            return [(asin, related_asin) for related_asin in also_view if related_asin]
        
        return []
    except:
        return []

df_all_edges = None
print("\n=== Processing ALSO_VIEW edges ===")
for cat in good_categories + bad_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/meta_{cat}.json"
    print(f"Reading: {cat}")
    
    df_text = spark.read.text(path)
    edges_rdd = df_text.rdd.flatMap(lambda row: extract_also_view_edges(row[0]))   
    if edges_rdd.isEmpty():
        print(f"  No ALSO_VIEW edges in {cat}, skipping...")
        continue
    
    df_edges = edges_rdd.toDF(["from_asin", "to_asin"])
    
    if df_all_edges is None:
        df_all_edges = df_edges
    else:
        df_all_edges = df_all_edges.unionByName(df_edges)
    
    print(f"  Finished: {cat}")

output_path = "hdfs://master:9000/tg/amazon/also_view_edge"
print(f"\n=== Writing ALSO_VIEW edge to: {output_path} ===")
df_all_edges.write.mode("overwrite").json(output_path)
print("\nDONE: ALSO_VIEW edge saved successfully.")
What these extracts:
· Connects products that are frequently viewed together
· Source: metadata files, also_view array field
· FROM: Product.asin (source product)
· TO: Product.asin (related product customers also viewed)
· Uses row-by-row extraction to handle schema inconsistencies
· Filters out empty/null ASINs

IN_CATEGORY Edge (Product → Category)
def extract_in_category_edges(row_json):
    """Extract IN_CATEGORY edges from metadata"""
    try:
        data = json.loads(row_json)
        asin = data.get('asin')
        category = data.get('category')  
        if not asin:
            return []
        
        # Handle category array - clean &amp; to &
        if isinstance(category, list):
            edges = []
            for cat in category:
                if cat:
                    # Clean &amp; to & like Neo4j does
                    clean_cat = cat.replace('&amp;', '&')
                    edges.append((asin, clean_cat))
            return edges
        
        return []
    except:
        return []

df_all_edges = None
print("\n=== Processing IN_CATEGORY edges ===")
for cat in good_categories + bad_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/meta_{cat}.json"
    print(f"Reading: {cat}")  
    df_text = spark.read.text(path)
    edges_rdd = df_text.rdd.flatMap(lambda row: extract_in_category_edges(row[0]))
    
    if edges_rdd.isEmpty():
        print(f"  No IN_CATEGORY edges in {cat}, skipping...")
        continue
    
    df_edges = edges_rdd.toDF(["from_asin", "to_category"])
    
    if df_all_edges is None:
        df_all_edges = df_edges
    else:
        df_all_edges = df_all_edges.unionByName(df_edges)
    
    print(f"  Finished: {cat}")
output_path = "hdfs://master:9000/tg/amazon/in_category_edge"
print(f"\n=== Writing IN_CATEGORY edge to: {output_path} ===")
df_all_edges.write.mode("overwrite").json(output_path)
print("\nDONE: IN_CATEGORY edge saved successfully.")
What these extracts:
· Connects products to their categories
· Source: metadata files, category array field
· FROM: Product.asin
· TO: Category.name (cleaned: &amp; → &)
· One product can belong to multiple categories
· Category name cleaning matches Neo4j's apoc.text.replace
· Uses row-by-row extraction to handle missing category fields
REVIEWS Edge (Review → Product)
def extract_reviews_edges(row_json):
    """Extract REVIEWS edges (Review -> Product)"""
    try:
        data = json.loads(row_json)
        reviewer_id = data.get('reviewerID')
        asin = data.get('asin')
        unix_review_time = data.get('unixReviewTime')
        
        if not reviewer_id and not asin and unix_review_time is None:
            return []
        
        # Use defaults for missing fields
        if not reviewer_id:
            reviewer_id = "unknown"
        if not asin:
            asin = "unknown"
        if unix_review_time is None:
            unix_review_time = 0
        
        # Generate review_id same way as Review vertex
        review_id = f"{reviewer_id}_{asin}_{unix_review_time}"
        
        return [(review_id, asin)]
    except:
        return []
df_all_edges = None
print("\n=== Processing REVIEWS edges ===")
for cat in good_categories + bad_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/{cat}.json"
    print(f"Reading: {cat}") 
    df_text = spark.read.text(path)
    edges_rdd = df_text.rdd.flatMap(lambda row: extract_reviews_edges(row[0]))   
    if edges_rdd.isEmpty():
        print(f"  No REVIEWS edges in {cat}, skipping...")
        continue
    df_edges = edges_rdd.toDF(["from_review_id", "to_asin"])
    
    if df_all_edges is None:
        df_all_edges = df_edges
    else:
        df_all_edges = df_all_edges.unionByName(df_edges)    
    print(f"  Finished: {cat}")
output_path = "hdfs://master:9000/tg/amazon/reviews_edge"
print(f"\n=== Writing REVIEWS edge to: {output_path} ===")
df_all_edges.write.mode("overwrite").json(output_path)
print("\nDONE: REVIEWS edge saved successfully.")
What these extracts:
· Connects reviews to the products they review
· Source: review files
· FROM: Review.review_id (generated as reviewerID_asin_unixReviewTime)
· TO: Product.asin
· Uses same review_id generation as Review vertex
· Lenient with missing fields (uses defaults: "unknown" for IDs, 0 for timestamp)
· One edge per review

WROTE Edge (Reviewer → Review)
def extract_wrote_edges(row_json):
    """Extract WROTE edges (Reviewer -> Review)"""
    try:
        data = json.loads(row_json)
        reviewer_id = data.get('reviewerID')
        asin = data.get('asin')
        unix_review_time = data.get('unixReviewTime')
        
        if not reviewer_id and not asin and unix_review_time is None:
            return []
        
        # Use defaults for missing fields
        if not reviewer_id:
            reviewer_id = "unknown"
        if not asin:
            asin = "unknown"
        if unix_review_time is None:
            unix_review_time = 0
        
        # Generate review_id same way as Review vertex
        review_id = f"{reviewer_id}_{asin}_{unix_review_time}"
        
        return [(reviewer_id, review_id)]
    except:
        return []
df_all_edges = None
print("\n=== Processing WROTE edges ===")
for cat in good_categories + bad_categories:
    path = f"hdfs://master:9000/amazon_data/{cat}/{cat}.json"
    print(f"Reading: {cat}")
    
    df_text = spark.read.text(path)
    edges_rdd = df_text.rdd.flatMap(lambda row: extract_wrote_edges(row[0]))
    
    if edges_rdd.isEmpty():
        print(f"  No WROTE edges in {cat}, skipping...")
        continue 
    df_edges = edges_rdd.toDF(["from_reviewerID", "to_review_id"])
    
    if df_all_edges is None:
        df_all_edges = df_edges
    else:
        df_all_edges = df_all_edges.unionByName(df_edges)    
    print(f"  Finished: {cat}")
output_path = "hdfs://master:9000/tg/amazon/wrote_edge"
print(f"\n=== Writing WROTE edge to: {output_path} ===")
df_all_edges.write.mode("overwrite").json(output_path)
print("\nDONE: WROTE edge saved successfully.")
What these extracts:
· Connects reviewers to their reviews
· Source: review files
· FROM: Reviewer.reviewerID
· TO: Review.review_id (generated as reviewerID_asin_unixReviewTime)
· Uses same review_id generation as Review vertex
· Lenient with missing fields (uses defaults)
· One edge per review

Storage Pipeline
1. PySpark processing: Read from HDFS /amazon_data/, transform data
2. Output to HDFS: Write to /tg/amazon/product_vertices
3. Copy to shared storage: hdfs dfs -get /tg/amazon/product_vertices /shared/tigergraph/amazon/product_json
4. TigerGraph access: All 7 nodes access data from /shared/ (NFS mount)



Load Vertex
Important Setup Requirement:
Prior to loading the Amazon dataset into TigerGraph, the schema must be defined in the correct scope:
1. Schema Definition: All vertex and edge types must be created in the global graph scope first
2. Graph Creation: After schema definition, create a dedicated graph named amazon
3. Data Loading: Load all preprocessed vertices and edges into the amazon graph

Product Vertex

CREATE VERTEX Product (
 PRIMARY_ID asin STRING,
 title         STRING,
 brand         STRING,
 description   STRING,
 price_min     DOUBLE,
 price_max     DOUBLE
) WITH primary_id_as_attribute = “true”

Create a loading job to load data

USE GRAPH amazon
 
CREATE LOADING JOB load_product FOR GRAPH amazon { 
 DEFINE FILENAME f; 
 LOAD f
   TO VERTEX Product VALUES (
     $”asin”, 
     $”title”,
     $”brand”,
     $”description_str”,
     $”price_min”,
     $”price_max”
   )
   USING
     json_file=”true”;
}
 
RUN LOADING JOB load_product USING f=”/shared/tigergraph/amazon/product_json”
 
Duration 1450 s
 
Image vertex

CREATE VERTEX Image (
 PRIMARY_ID url STRING,
 highRes       STRING
) WITH primary_id_as_attribute = "true"


CREATE LOADING JOB load_image FOR GRAPH amazon {
 DEFINE FILENAME f;
 LOAD f
   TO VERTEX Image VALUES (
     $"url",
     $"highRes"
   )
   USING
     json_file="true";
}

RUN LOADING JOB load_image USING f="/shared/tigergraph/amazon/image_json"

Duration 423 s


ReviewImage

CREATE VERTEX ReviewImage (
 PRIMARY_ID url STRING
) WITH primary_id_as_attribute = "true"

CREATE LOADING JOB load_reviewimage FOR GRAPH amazon {
 DEFINE FILENAME f;
 LOAD f
   TO VERTEX ReviewImage VALUES (
     $"url"
   )
   USING
     json_file="true";
}

RUN LOADING JOB load_reviewimage USING f="/shared/tigergraph/amazon/reviewimage_json"

Duration 353 s

 
Category vertex

CREATE VERTEX Category (
 PRIMARY_ID name STRING
) WITH primary_id_as_attribute = "true"
 
CREATE LOADING JOB load_category FOR GRAPH amazon { 
 DEFINE FILENAME f;
 LOAD f
   TO VERTEX Category VALUES (
     $"name"
   )
   USING
     json_file="true";
}

RUN LOADING JOB load_category USING f="/shared/tigergraph/amazon/category_json"

Duration 433 s
Reviewer vertex

CREATE VERTEX Reviewer (
 PRIMARY_ID reviewerID STRING,
 name                  STRING
) WITH primary_id_as_attribute = "true"

CREATE LOADING JOB load_reviewer FOR GRAPH amazon {
 DEFINE FILENAME f;
 LOAD f
   TO VERTEX Reviewer VALUES (
     $"reviewerID",
     $"name"
   )
   USING
     json_file="true";
}

RUN LOADING JOB load_reviewer USING f="/shared/tigergraph/amazon/reviewer_json"

Duration 630 s


Review vertex

CREATE VERTEX Review (
 PRIMARY_ID review_id STRING,
 reviewerID    STRING,
 asin          STRING,
 unixReviewTime INT,
 reviewDatetime DATETIME,
 summary       STRING,
 reviewText    STRING,
 verified      BOOL,
 vote          INT,
 overall       INT
) WITH primary_id_as_attribute = "true"
 
 
CREATE LOADING JOB load_review FOR GRAPH amazon {
 DEFINE FILENAME f;
 LOAD f
   TO VERTEX Review VALUES (
     $"review_id",
     $"reviewerID",
     $"asin",
     $"unixReviewTime",
     $"reviewDatetime",
     $"summary",
     $"reviewText",
     $"verified",
     $"vote",
     $"overall"
   )
   USING
     json_file="true";
}

RUN LOADING JOB load_review USING f="/shared/tigergraph/amazon/review_json"


Duration 1100 s


Load Edges
 
HAS_PRODUCT_IMAGE (Product  Image)

CREATE DIRECTED EDGE HAS_PRODUCT_IMAGE (FROM Product, TO Image)

CREATE LOADING JOB load_has_product_image FOR GRAPH amazon {
 DEFINE FILENAME f;
 LOAD f
   TO EDGE HAS_PRODUCT_IMAGE VALUES (
     $"from_asin",
     $"to_url"
   )
   USING
     json_file="true";
}

RUN LOADING JOB load_has_product_image USING f="/shared/tigergraph/amazon/has_product_image_edge"

Duration 410s 


HAS_REVIEW_IMAGE (Review  ReviewImage)

CREATE DIRECTED EDGE HAS_REVIEW_IMAGE (FROM Review, TO ReviewImage)
 
CREATE LOADING JOB load_has_review_image FOR GRAPH amazon { 
 DEFINE FILENAME f; 
 LOAD f
   TO EDGE HAS_REVIEW_IMAGE VALUES (
     $"from_review_id",
     $"to_url"
   )
   USING
     json_file="true";
}
 
RUN LOADING JOB load_has_review_image USING f="/shared/tigergraph/amazon/has_review_image_edge"

Duration 513.9 s


ALSO_BUY Edge (Product  Product)

CREATE DIRECTED EDGE ALSO_BUY (FROM Product, TO Product)

CREATE LOADING JOB load_also_buy FOR GRAPH amazon { 
 DEFINE FILENAME f;
 LOAD f
   TO EDGE ALSO_BUY VALUES (
     $"from_asin",
     $"to_asin"
   )
   USING
     json_file="true";
}

RUN LOADING JOB load_also_buy USING f="/shared/tigergraph/amazon/also_buy_edge"

Duration 438.55 s 
ALSO_VIEW Edge


CREATE DIRECTED EDGE ALSO_VIEW (FROM Product, TO Product)

CREATE LOADING JOB load_also_view FOR GRAPH amazon { 
 DEFINE FILENAME f;
 
 LOAD f
   TO EDGE ALSO_VIEW VALUES (
     $"from_asin",
     $"to_asin"
   )
   USING
     json_file="true";
}

RUN LOADING JOB load_also_view USING f="/shared/tigergraph/amazon/also_view_edge"


Duration 428.23 s


IN_CATEGORY Edge

CREATE DIRECTED EDGE IN_CATEGORY (FROM Product, TO Category)

CREATE LOADING JOB load_in_category FOR GRAPH amazon {
 
 DEFINE FILENAME f;
 
 LOAD f
   TO EDGE IN_CATEGORY VALUES (
     $"from_asin",
     $"to_category"
   )
   USING
     json_file="true";
}

RUN LOADING JOB load_in_category USING f="/shared/tigergraph/amazon/in_category_edge"

Duration 405.82 s


REVIEWS Edge


CREATE DIRECTED EDGE REVIEWS (FROM Review, TO Product)

CREATE LOADING JOB load_reviews FOR GRAPH amazon { 
 DEFINE FILENAME f; 
 LOAD f
   TO EDGE REVIEWS VALUES (
     $"from_review_id",
     $"to_asin"
   )
   USING
     json_file="true";
}

RUN LOADING JOB load_reviews USING f="/shared/tigergraph/amazon/reviews_edge"



Duration 630 s


WROTE Edge


CREATE DIRECTED EDGE WROTE (FROM Reviewer, TO Review)

CREATE LOADING JOB load_wrote FOR GRAPH amazon {
 
 DEFINE FILENAME f;
 
 LOAD f
   TO EDGE WROTE VALUES (
     $"from_reviewerID",
     $"to_review_id"
   )
   USING
     json_file="true";
}
 
RUN LOADING JOB load_wrote USING f="/shared/tigergraph/amazon/wrote_edge"

Duration 659.12 s




Queries

===Review===

Products with the Most Reviews
Identify the top 200 products with the most reviews (customer engagement).

CREATE DISTRIBUTED QUERY q1() FOR GRAPH amazon { 
  SumAccum<INT> @review_count; 
  // Start from all reviews and traverse to products
  all_reviews = {Review.*};
  products_with_reviews = SELECT p FROM all_reviews:r -(REVIEWS)-> Product:p
                          ACCUM p.@review_count += 1; 
  // Get top 200 products
  top_products = SELECT p FROM products_with_reviews:p
                 ORDER BY p.@review_count DESC
                 LIMIT 200;  
  PRINT top_products[top_products.asin AS ASIN, 
                     top_products.title AS Product, 
                     top_products.@review_count AS ReviewCount];
}

Total Time 2092ms

===Reviewer===

Most Active Reviewers
Top 200 users by review count (power users, potential spam or influencers).


CREATE DISTRIBUTED QUERY q1() FOR GRAPH amazon {
  
  SumAccum<INT> @review_count;
  
  // Start from all reviewers and count their reviews
  all_reviewers = {Reviewer.*};
  
  reviewers_with_counts = SELECT u FROM all_reviewers:u -(WROTE)-> Review:r
                          ACCUM u.@review_count += 1;
  
  // Get top 200 reviewers
  top_reviewers = SELECT u FROM reviewers_with_counts:u
                  WHERE u.@review_count > 0
                  ORDER BY u.@review_count DESC
                  LIMIT 200;
  
  // Print results with name attribute
  PRINT top_reviewers[
    top_reviewers.reviewerID AS ReviewerID,
    top_reviewers.name AS ReviewerName,
    top_reviewers.@review_count AS ReviewCount
  ];
}

Total Time 1435ms

Reviewers Who Write the Longest Reviews
Order the 200 reviewers from the previous query by their average review length in descending order, returning each reviewer’s ID, name, total number of reviews, and their average review length.

CREATE DISTRIBUTED QUERY q1() FOR GRAPH amazon {
  
  SumAccum<INT> @review_count;
  SumAccum<INT> @total_length;
  AvgAccum @avg_length;
  
  // Start from all reviewers
  all_reviewers = {Reviewer.*};
  
  // Calculate review counts and average length
  reviewers_with_stats = SELECT u FROM all_reviewers:u -(WROTE)-> Review:r
                         ACCUM 
                           u.@review_count += 1,
                           u.@avg_length += length(r.reviewText);
  
  // Get top 200 by average review length
  top_by_length = SELECT u FROM reviewers_with_stats:u
                  WHERE u.@review_count > 0
                  ORDER BY u.@avg_length DESC
                  LIMIT 200;
  
  // Print results
  PRINT top_by_length[
    top_by_length.reviewerID AS ReviewerID,
    top_by_length.name AS ReviewerName,
    top_by_length.@review_count AS ReviewCount,
    top_by_length.@avg_length AS AvgReviewLength
  ];
}

Total Time 51867ms

===Product Associations===

People Who Bought This Also Bought (Seed Expansion)

CREATE DISTRIBUTED QUERY q1() FOR GRAPH amazon {
  
  SumAccum<INT> @review_count;
  SumAccum<INT> @linked_seeds;
  OrAccum @is_seed;
  
  // Step 1: Find top 200 most reviewed products (seed products)
  all_reviews = {Review.*};
  
  products_with_reviews = SELECT p FROM all_reviews:r -(REVIEWS)-> Product:p
                          ACCUM p.@review_count += 1;
  
  seed_products = SELECT p FROM products_with_reviews:p
                  ORDER BY p.@review_count DESC
                  LIMIT 200;
  
  // Mark seed products
  seed_products = SELECT p FROM seed_products:p
                  POST-ACCUM p.@is_seed = TRUE;
  
  // Step 2: Find products that seed products also buy
  co_buy_products = SELECT other FROM seed_products:seed -(ALSO_BUY)-> Product:other
                    WHERE other.@is_seed == FALSE
                    ACCUM other.@linked_seeds += 1;
  
  // Step 3: Get top 200 co-buy products
  top_co_buy = SELECT other FROM co_buy_products:other
               ORDER BY other.@linked_seeds DESC
               LIMIT 200;
  
  // Print results
  PRINT top_co_buy[
    top_co_buy.asin AS ASIN,
    top_co_buy.title AS CoBuyProduct,
    top_co_buy.@linked_seeds AS LinkedSeeds
  ];
}

Total Time 2555ms

Second-Hop Co-Buy Influence (Ripple Effect)

CREATE DISTRIBUTED QUERY q1() FOR GRAPH amazon {
  
  SumAccum<INT> @review_count;
  SumAccum<INT> @shared_neighbors;
  OrAccum @is_seed;
  
  // Step 1: Find the single most reviewed product (seed)
  all_reviews = {Review.*};
  
  products_with_reviews = SELECT p FROM all_reviews:r -(REVIEWS)-> Product:p
                          ACCUM p.@review_count += 1;
  
  top_seed = SELECT p FROM products_with_reviews:p
             ORDER BY p.@review_count DESC
             LIMIT 1;
  
  // Mark the seed product
  top_seed = SELECT p FROM top_seed:p
             POST-ACCUM p.@is_seed = TRUE;
  
  // Step 2: First-hop co-buy neighbors
  first_hop = SELECT firstHop FROM top_seed:seed -(ALSO_BUY)-> Product:firstHop
              WHERE firstHop.@is_seed == FALSE;
  
  // Step 3: Second-hop neighbors (co-buys of firstHop)
  second_hop = SELECT secondHop FROM first_hop:firstHop -(ALSO_BUY)-> Product:secondHop
               WHERE secondHop.@is_seed == FALSE
               ACCUM secondHop.@shared_neighbors += 1;
  
  // Get top 200 second-hop products
  top_second_hop = SELECT s FROM second_hop:s
                   ORDER BY s.@shared_neighbors DESC
                   LIMIT 200;
  
  // Print results
  PRINT top_second_hop[
    top_second_hop.asin AS ASIN,
    top_second_hop.title AS SecondHopProduct,
    top_second_hop.@shared_neighbors AS SharedNeighbors
  ];
}

Total Time 2672ms

===Category/ Brand===

Most Popular Categories by Reviews
Rank categories by review volume.

CREATE DISTRIBUTED QUERY q1() FOR GRAPH amazon {  
  SumAccum<INT> @total_reviews;
  
  // Step 1: Reviews to Products
  all_reviews = {Review.*};
  
  products_from_reviews = SELECT p 
                          FROM all_reviews:r -(REVIEWS)-> Product:p
                          ACCUM p.@total_reviews += 1;
  
  // Step 2: Products to Categories
  categories_with_reviews = SELECT c 
                            FROM products_from_reviews:p -(IN_CATEGORY)-> Category:c
                            ACCUM c.@total_reviews += p.@total_reviews;
  
  // Get top 200 categories by review count
  top_categories = SELECT c FROM categories_with_reviews:c
                   ORDER BY c.@total_reviews DESC
                   LIMIT 200;
  
  // Print results
  PRINT top_categories[
    top_categories.name AS Category,
    top_categories.@total_reviews AS TotalReviews
  ];
}

Total Time 3628ms
Top Brands by Average Rating
Brands with ≥100 reviews across their catalog and high avg ratings.

CREATE DISTRIBUTED QUERY q1() FOR GRAPH amazon {
  
  TYPEDEF TUPLE<STRING brand, DOUBLE avg_rating, INT review_count> BrandStats;
  HeapAccum<BrandStats>(200, avg_rating DESC) @@top_brands;
  MapAccum<STRING, SumAccum<INT>> @@brand_review_count;
  MapAccum<STRING, AvgAccum> @@brand_avg_rating;
  
  // Get all reviews and aggregate by brand
  all_reviews = {Review.*};
  
  products_with_reviews = SELECT p 
                          FROM all_reviews:r -(REVIEWS)-> Product:p
                          WHERE p.brand != ""
                          ACCUM 
                            @@brand_review_count += (p.brand -> 1),
                            @@brand_avg_rating += (p.brand -> r.overall);
  
  // Filter brands with >= 100 reviews and add to heap
  FOREACH (brand, review_count) IN @@brand_review_count DO
    IF review_count >= 100 THEN
      @@top_brands += BrandStats(brand, @@brand_avg_rating.get(brand), review_count);
    END;
  END;
  
  // Print top 200 brands
  PRINT @@top_brands;
}

Total Time 36013ms

===Images / Multimedia===

Products with the Most Images
Find products with the most marketing assets (images).

CREATE DISTRIBUTED QUERY q1() FOR GRAPH amazon {
  
  SumAccum<INT> @image_count;
  
  // Get all products with their image counts
  all_products = {Product.*};
  
  products_with_images = SELECT p 
                         FROM all_products:p -(HAS_PRODUCT_IMAGE)-> Image:i
                         ACCUM p.@image_count += 1;
  
  // Get top 200 products by image count
  top_products = SELECT p FROM products_with_images:p
                 ORDER BY p.@image_count DESC
                 LIMIT 200;
  
  // Print results
  PRINT top_products[
    top_products.asin AS ASIN,
    top_products.title AS Product,
    top_products.@image_count AS ImageCount
  ];
}

Total Time 552ms

Images reused by multiple products (Image-Centric View)
For each Image, count how many distinct products are using it (i.e., shared images across products).

CREATE DISTRIBUTED QUERY q1() FOR GRAPH amazon {  
  SumAccum<INT> @product_count;
  
  // Start from products and count how many link to each image
  all_products = {Product.*};
  
  images_with_products = SELECT i 
                         FROM all_products:p -(HAS_PRODUCT_IMAGE)-> Image:i
                         ACCUM i.@product_count += 1;
  
  // Get top 200 images by product count
  top_images = SELECT i FROM images_with_products:i
               ORDER BY i.@product_count DESC
               LIMIT 200;
  
  // Print results
  PRINT top_images[
    top_images.url AS ImageURL,
    top_images.@product_count AS ProductCount
  ];
}

Total Time 1854ms

Find the top 200 reviews with the highest helpful votes, returning each review’s reviewer, rating, number of helpful votes, and number of images attached.
This helps us check whether reviews containing more images tend to be marked as more helpful.

CREATE DISTRIBUTED QUERY q1() FOR GRAPH amazon {

  SumAccum<INT> @image_count;

  // Get all reviews
  all_reviews = {Review.*};

  // Count images per review (adds @image_count on each Review vertex)
  reviews_with_images = 
    SELECT r
    FROM all_reviews:r -(HAS_REVIEW_IMAGE)-> ReviewImage:i
    ACCUM r.@image_count += 1;

  // Top 200 reviews by helpful votes (only keep reviews with at least 1 vote)
  top_reviews =
    SELECT r
    FROM all_reviews:r
    WHERE r.vote > 0
    ORDER BY r.vote DESC
    LIMIT 200;

  PRINT top_reviews[
    top_reviews.reviewerID AS ReviewerID,
    top_reviews.overall AS Rating,
    top_reviews.vote AS HelpfulVotes,
    top_reviews.@image_count AS ImageCount
  ];
}

Total Time 632ms

Community Detection using Louvain Modularity
Detect product communities in the co-purchase network using the Louvain algorithm. This identifies clusters of products that are frequently bought together, revealing hidden product categories and cross-selling patterns.
RUN QUERY tg_louvain(
  ["Product"],
  ["ALSO_BUY"],
  "",
  10,
  "community_id",
  "",
  TRUE
)

Total Time 17300ms

PageRank Centrality Analysis
Compute the influence score for each product in the co-purchase network using the PageRank algorithm. This identifies the most influential products based on how many other products recommend them and the importance of those recommending products.
RUN QUERY tg_pagerank(
  "Product",
  "ALSO_BUY",
  0.001,
  25,
  0.85,
  200,
  TRUE,
  "pagerank_score",
  "",
  FALSE
)

Total Time 114718ms (~1 min 54 sec)

Triangle Count (Fast)
Count triangular patterns in the ALSO_BUY network to measure graph clustering and community density.
RUN QUERY tg_tri_count_fast(
  "Product",
  "ALSO_BUY"
)

Total Time 18 sec



Local Clustering Coefficient
Calculate how interconnected each product's neighbors are, measuring the density of local communities in the recommendation network.
RUN QUERY tg_lcc(
  "Product",
  "ALSO_BUY",
  200,
  TRUE,
  "",
  "",
  FALSE
)

Total Time 32456ms



























TigerGraph Resource Utilization on 7-Node Cluster
Cluster Configuration:
· 7 nodes (m1-m7), 245 GB RAM per node
· Total cluster capacity: 1.7 TB memory
· Distributed graph processing with GPE, GSE, and RESTPP services
Memory Usage During Data Loading
Service-Level Memory Consumption:
· GPE (Graph Processing Engine): 12-15 GB per node
· Nodes m1-m4: ~15.3 GB each
· Nodes m5-m7: ~12.3 GB each
· GSE (Graph Storage Engine): 2.2-2.8 GB per node
· RESTPP (REST API Server): ~195-200 MB per node
CPU Utilization:
· GPE: 2.1-2.2% per node
· GSE: 0.5-0.8% per node
· RESTPP: ~0.18% per node
Performance Characteristics:
· Total memory utilization: 6-7% per node (~18 GB used of 245 GB)
· I/O-intensive workload with minimal CPU overhead
· Consistent resource allocation across all nodes
Memory Usage During Query Execution
Service-Level Memory Consumption:
· GPE (Graph Processing Engine): 12-15 GB per node
· Nodes m1-m4: ~15.2 GB each
· Nodes m5-m7: ~12.2 GB each
· GSE (Graph Storage Engine): 2.2-2.8 GB per node
· RESTPP (REST API Server): ~195-200 MB per node
CPU Utilization:
· GPE: 2.0-2.1% per node
· GSE: 0.5-0.7% per node
· RESTPP: ~0.18% per node
Performance Characteristics:
· Total memory utilization: 6-7% per node (~18 GB used of 245 GB)
· Memory footprint remains stable during query execution
· Graph data persists in memory for fast query response times
Key Observations
1. Memory Efficiency: TigerGraph maintains the entire graph dataset in memory (GPE) with only 6-7% utilization, leaving 93% capacity available for concurrent operations
2. Consistent Resource Profile: Memory consumption remains stable across both data loading and query execution phases, indicating efficient memory management
3. Scalability Headroom: With 230 GB available memory per node, the cluster can support significantly larger datasets or higher query concurrency
4. Data Partitioning: Non-uniform memory distribution (m1-m4 vs m5-m7) reflects TigerGraph's intelligent data partitioning strategy across the cluster



