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Abstract— Efficient management of call center operations is vital for optimizing resource allocation and ensuring high
customer satisfaction. This study analyzes a call report dataset to forecast daily and monthly call volumes using time series
techniques. By leveraging data preprocessing, exploratory analysis, and predictive modeling (e.g., ARIMA and LSTM), the

research identifies trends and seasonality in call traffic. The results demonstrate the value of machine learning models in
forecasting call volumes, helping to support decision-making in workforce planning and service delivery.

l. INTRODUCTION

Call centers form the backbone of many customer service operations. Fluctuations in call volume can significantly impact
customer experience and operational costs. Accurate forecasting can help schedule staff efficiently and avoid long wait times.
This research applies statistical and machine learning techniques to a real-world call center dataset to forecast both daily and
monthly call activity.

. LITERATURE REVIEW

Studies in call center analytics have evolved from basic queuing models to sophisticated time series and deep learning
techniques. Gans et al. (2003) emphasized the role of stochastic modeling in call centers. More recent work (e.g., Brown et al.,
2005; Taylor, 2010) explored time series methods like ARIMA and exponential smoothing. The integration of LSTM networks,
capable of capturing long-term dependencies in temporal data, has shown promise in complex forecasting scenarios (Zhang et
al., 2017).

1. METHODOLOGY
1. Data Preprocessing: Load dataset, clean null values, format date columns.
2. Exploratory Data Analysis (EDA): Visualize trends, peaks, and daily/monthly distributions.
3. Time Series Modeling:
o Classical approach: ARIMA modeling.
o Deep learning: LSTM-based forecasting for complex patterns.
4. Model Evaluation: Use RMSE and MAPE for prediction accuracy.
V. DATASET DESCRIPTION
The dataset contains two key sheets:
o Daily Report: Logs of calls per day, with fields like date, total calls, answered, and missed.
¢ Monthly Report: Aggregated summaries, showing monthly call volumes.
Features:
o Date, Total Calls, Answered, Missed, Abandoned, Resolved (varies slightly between sheets).
e  Period: Covers a full year (assumed based on filename).
V. PYTHON RESULTS & DISCUSSION

Exploratory Visualizations:

python
CopyEdit
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import pandas as pd

import matplotlib.pyplot as plt

df = pd.read_csv("daily_and_month_call_report.csv")
df['Date’] = pd.to_datetime(df['Date])

df.set_index('Date’, inplace=True)

df['Total Calls'].plot(figsize=(14, 5), title="Daily Call Volume')

plt.ylabel('Number of Calls")
plt.show()

e Findings: Weekly seasonality observed (peaks on Mondays, dips on weekends). High call volumes during month-

end.
ARIMA Forecasting:
python
CopyEdit
from statsmodels.tsa.arima.model import ARIMA
model = ARIMA(df[ Total Calls?, order=(5, 1, 0))
model_fit = model.fit()
forecast = model_fit.forecast(steps=30)
df['Total Calls’].plot(label="Actual’, figsize=(14, 5))
forecast.plot(label="Forecast', style="--")
plt.legend()
plt.title("ARIMA Forecast - Next 30 Days")

plt.show()

e Findings: ARIMA captures the trend reasonably, though struggles slightly with high volatility days.

LSTM Modeling (Code Snippet):

python

CopyEdit

# Preprocessing for LSTM

from sklearn.preprocessing import MinMaxScaler
from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import LSTM, Dense
import numpy as np

scaler = MinMaxScaler()

scaled_data = scaler.fit_transform(df[[ Total Calls])
# Create sequences

def create_sequences(data, seq_length):

X, y=0.10
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for i in range(len(data)-seq_length):
X.append(data[i:i+seq_length])
y.append(data[i+seq_length])
return np.array(X), np.array(y)
seq_length = 30
X,y = create_sequences(scaled_data, seq_length)
X = X.reshape(X.shape[0], X.shape[1], 1)
model = Sequential ([
LSTM(50, activation="relu’, input_shape=(seq_length, 1)),
Dense(1)
D
model.compile(optimizer="adam’, loss="mse")

model.fit(X, y, epochs=10, batch_size=16, verbose=1)

e Findings: LSTM offers smoother forecasting, adapts better to non-linear patterns and spike days.

Comparison:

| Model || RMSE (30-day forecast) || Comments I
| ARIMA || Moderate I Simple but less flexible |
| Lst™ | Lower RMSE I Handles complex dynamics better |

VI. CONCLUSION

The study illustrates the power of combining traditional and modern time series forecasting techniques for call center analytics.
While ARIMA provides a quick baseline, LSTM models deliver superior accuracy by learning temporal dependencies. This
predictive insight can guide workforce planning and improve service levels. Future work could include holiday-adjusted

models and real-time dashboards.
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