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ABSTRACT
A key component of technology sector business strategy is understanding the mechanisms by which technologies are adopted
and the rate of their growth over time. Furthermore, predicting
how technologies grow in relation to each other informs business
decision-making in terms of product definition, research and development, and marketing strategies. An important avenue for
exploring technology trends is by looking at activity in the software community. Social networks for developers can provide useful
technology trend insights and have an inherent temporal graph
structure. We demonstrate an approach to technology growth ranking that adapts spatiotemporal graph neural networks to work with
structured temporal relational graph data.
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INTRODUCTION

Technology trend analysis is a key component of business intelligence across all industry sectors. Many technologies follow the
technology adoption life-cycle behavior which is modeled as a bell
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curve with the categories in order of innovators, early adopters,
early majority, late majority, and laggards [19]. In addition to analyzing current and past trends, the capability to forecast at what
pace different technologies are adopted or diffuse through various
technology domains enables companies to strategically plan how
they define future products, allocate resources, predict future market behavior, and invest in research and development (R&D)[9].
Across publicly traded firms listed in the NYSE, Amex, and NASDAQ, it was shown that R&D expenditures were about 400 billion
USD with a median of 20% of total expenditures [4]. Interestingly,
while companies are spending more on R&D than ever, the analysis
showed a decrease in the R&D return-on-investment (ROI) in recent
years. These insights highlight the importance of understanding
how technologies evolve in time to enhance strategic business-level
decision-making and R&D ROI.
We focus on the task of ranking future technology growth in
the software domain. Software technologies can be associated with
specific terms (e.g. Python, Java, C##), and the rate at which terms
are mentioned or discussed in social networks can indicate adoption
and popularity. Social communities contain useful relational data
through their neighborhood structure: related topics are connected
by an edge with a label that represents the underlying relationship. There are a variety of ways to define the graph structure for
these sources such as from a user-to-user, user-to-item interaction
perspective, or as a citation network [7]. In this work, we define
a graph as a set of technology terms (nodes) connected by edges
that are weighted by term co-occurrence counts (e.g. how often
terms are mentioned together). The temporal feature of the graph
nodes is the term count over time. We use the Stack Overflow1 (SO)
question and answer platform as the dataset source because it is
easily accessible, is a reliable indicator of developer community
activity, and represents a broad range of software motifs that are
pervasive across various technology sectors.

2

METHODOLOGY

For this work, we demonstrate an approach for forecasting technology growth by adapting spatiotemporal graph neural networks
(GNNs) to a structured temporal graph as illustrated in Figure 1.
Specifically, we are interested in how technologies rank in growth
with respect to each other across a 1-year forecast horizon. A very
popular application of GNNs in the spatiotemporal domain centers
around the task of traffic flow prediction [8]. However, the spatial
1 https://stackoverflow.com
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Figure 1: Technology trend modeling flow using temporal GNNs.
proximity component can easily be replaced with any measure
of relationship where we choose to use the technology term cooccurrence as the weighted edge mechanism. The graph features for
each node are the Stack Overflow post tag counts (e.g. time series
observations) where each time step represents the aggregated values for the week. Since we are training across nodes with varying
observation scales, we apply z-score normalization as 𝑧 = (𝑥 − 𝜇)/𝜎
where 𝑥 the sample, 𝜇 the mean of the training samples, and 𝜎 the
standard deviation of the training samples. For edge weighting,
we note that each time a user posts a question, a list of relevant
technology terms are tagged for that question. The tag list provides
a basis for creating weighted edges between each term. To create
the graph edge connections and edge weightings, we normalize
the co-occurrence against other connected terms and average the
shared co-occurrence edges.

2.1

Models

The technology term growth ranking is calculated from the time
series forecast produced by the temporal GNN. Time series forecasting involves fitting a model to predict future values up to a forecast
horizon based on past values (lags) in a series. In our approach, we
represent a set of technology domain terms as a weighted directed
graph G = (V, E, A), where V is a set of nodes (e.g., terms), E
is a set of edges, and A ∈ R𝑁 ×𝑁 is a weighted adjacency matrix
representing the node-to-node affinity (e.g., normalized term cooccurrence with values from 0 to 1). We denote the technology term
occurrence observed on G as a graph signal X ∈ R𝑁 ×𝑃 , where 𝑃 is
the number of node attribute features (e.g. length of historical time
series). Given that X 𝑡 represents the graph signal observed at time
𝑡, the technology term forecasting problem aims to learn a function
𝑓 that maps historical graph signals to future 𝑇 graph signals:
[X (𝑡 +1) , ..., X (𝑡 +𝑇 ) ] = 𝑓 (G; [X (𝑡 −𝑛) , ..., X (𝑡 −1) , X (𝑡 ) ])

(1)

A spatiotemporal GNN model combines temporal deep learning techniques such as recurrent neural networks (RNNs) with
graph representation learning. The graph representation learning
component can be generalized by the message passing formalism:
node and edge attributes are parameterized functions that generate compressed representations which propagate between nodes
based on a message-passing and aggregation strategy to form new
representations at each layer. Popular examples of this include

Graph Convolutional Network (GCN) [10] and ChebyConv [5]. The
temporal learning component can be added by incorporating recurrent deep learning approaches such as Long Short-Term Memory
(LSTM) [6] and Gated Recurrent Unit (GRU) [3] networks. Since the
graph has a temporal sequence associated with each node, message
passing at each time point allows the fused temporal and graph
learning layers to train jointly. This generalized spatiotemporal
framework allows for different combinations of temporal and GNN
layers to be applied. For additional background on the spatiotemporal algorithms and GNN theory, we refer to the prior mentioned
model references and work by [21].
To perform our forecasting and ranking task, we choose to evaluate our structured graphs using the following spatiotemporal GNN
models as shown in Table 1: Graph Convolutional Recurrent Network (GConvGRU, GConvLSTM) [16], Diffusion Convolutional
Recurrent Neural Network (DCRNN) [11], and Temporal Graph
Convolutional Network (T-GCN) [20]. While not comprehensive of
all possibilities, these models represent well-known spatiotemporal
modeling approaches and can be leveraged from the PyTorch Geometric Temporal 2 library [14]. For parameter tuning we search over
the learning rate (0.01-0.001), graph filter support 𝐾 (1-4 graph hops)
[16], and node feature input lags. Additionally, we use the Adam
optimizer and find that L1 loss gives a better model performance
than L2.
Table 1: Spatiotemporal GNN Model Comparison.
Model
GConvGRU [16]
GConvLSTM [16]
DCRNN [11]
T-GCN [20]

Temporal Layer
GRU
LSTM
GRU
GRU

GNN Layer
Chebyshev
Chebyshev
DiffConv
GCN

For non-graphical model comparisons, we evaluate several wellknown models used for business intelligence applications. The first
is Prophet, an additive regression model that accounts for weekly
and yearly seasonal components [17]. The next is DeepAR, a popular model that uses an autoregressive recurrent neural network
approach and is often used as a benchmark [15]. Additionally, we
2 https://pytorch-geometric-temporal.readthedocs.io/
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run N-BEATS [13] which uses a deep stack of fully-connected layers
and has emerged as a state-of-the-art benchmark given its performance on the M4 competition dataset [12]. Finally, we use a baseline
that always predicts the last known value before the forecast.
To measure the performance of the models in consideration, we
looked at two aspects of the problem statement, the time series
forecasting and growth ranking metrics. To evaluate the time series
forecasting performance between the models, we use the symmetric
mean absolute percentage error (sMAPE) given its prevalence in
benchmarks (e.g. M3, M4) and interpretability as a relative error
metric [1]. SMAPE is defined as
𝑇

sMAPE =

|𝐹𝑡 − 𝑌𝑡 |
100 ∑︁
𝑇 𝑡 =1 (|𝑌𝑡 | + |𝐹𝑡 |) /2

(2)

where 𝑇 is the number of samples within forecast horizon, 𝐹𝑡 is the
prediction, 𝑌𝑡 is the target.
Most time series evaluation approaches focus on the predicted
versus ground truth performance for each individual series. However, we highlight that from a business intelligence perspective, it
can be more important to understand how the trends evolve with
respect to each other. If a model gives a good error score on the forecast but fails in the growth ranking of each series with respect to
each other, then some key insights are lost. In other words, unique
combinations of over-forecasting and under-forecasting between
the multiple time series under consideration can lead to a good
aggregated sMAPE score but a poor ranking performance. Given
that we’re interested in the trends of all nodes in the graph relative
to each other, we create a ground truth ranking of the technology
terms at each time step in the forecast by ranking the difference of
the last known value of each term’s time series 𝑦𝑡 and the value at
{𝑦𝑡 +1, ..., 𝑦𝑡 +𝑇 } in order of highest growth to lowest. We similarly
create a predicted ranking and end up with two ordinal lists for
each time step. The Kendall rank correlation coefficient (𝜏𝐵 ) is used
to measure the degree of similarity between the two rankings.

2.2

Datasets

We demonstrate the use of the structured approach on four datasets
extracted from Stack Overflow as shown in Table 2. SO-Top50 represents the top Stack Overflow tags, SO-Prg contains the terms for
the top ninety programming language terms, and SO-Bigdata and
SO-ML contain popular terms from big data processing platforms
and machine learning libraries respectively.
Table 2: Stack Overflow dataset descriptions.
Topic Graph
SO-Top50
SO-Prg
SO-Bigdata
SO-ML

V
50
90
40
30

E
1225
4005
780
435

Example Terms
c#, c++, java, python, r
reactjs, javascript, sql
apache-spark, scala, sql
pandas, numpy, pytorch

For the temporal GNN model training and validation, we use five
years of historic data (June 2015 to June 2020) and reserve the past
year (June 2020 to June 2021) for the forecast evaluation. Each time
step represents the term count observations by week. A portion of
the newer technology terms did not have any observations earlier

than 2015 hence the 5-year window training limit. We train on
260-weeks (5 years) of observations and predict on a 52-week (1
year) multi-step forecast horizon. While certain high-level business
R&D strategies can be formulated on a long-term basis (e.g. 2-5
years), specific research allocation decisions change year-to-year
due to the rapidly evolving technology landscape. A year forecast
(with weekly granularity) can lend important insight during the
yearly strategic planning cycle.

3

RESULTS

The time series forecasting component of the results for our datasets
is shown in Table 3. The averaged sMAPE is evaluated over the
52-week multi-step forecast horizon and the results are the mean
of 10 trials for each model. The last known baseline represents
the last known observation count for each technology term prior
to forecasting. We find that the temporal GNN models perform
well across the datasets but note that sMAPE does not necessarily
indicate a good ranking as shown later.
Table 3: Time series forecasting results (sMAPE) for a 52week horizon.
Model
Last Known
Prophet
DeepAR
N-BEATS
GConvGRU
GConvLSTM
DCRNN
TGCN

SO-Top50
74.7
19.0
24.9±0.8
15.1±0.4
13.8±0.1
18.9±0.1
16.0±0.1
20.1±0.2

SO-Prg
107.0
32.3
23.9±0.9
21.3±0.5
24.8±0.1
20.1±0.2
24.1±0.1
31.6±0.2

SO-Bigdata
130.7
51.0
40.2±1.3
37.7±0.9
35.9±0.2
35.8±0.2
37.3±0.2
39.8±0.3

SO-ML
103.2
33.7
22.8±0.7
23.2±0.5
21.8±0.1
24.8±0.2
20.6±0.1
26.7±0.2

The technology growth ranking performance, as given by the
rank correlation coefficient, is given in Table 4. For each model, we
average the coefficients over the forecast horizon of 52-weeks. The
GConvGRU and GConvLSTM models perform consistently well in
rank correlation. To offer a more detailed view, Figure 2 shows the
rank correlation using the SO-Bigdata graph illustrating that the
GConvGRU model generally outperforms the others for each week
in the forecast period.
Table 4: Kendall (𝜏𝐵 ) rank correlation results averaged over
a 52-week forecast period by dataset.

Model
Last Known
Prophet
DeepAR
N-Beats
GConvGRU
GConvLSTM
DCRNN
T-GCN

SO-Top50
(𝜏𝐵 )
0.052
0.011
0.057
0.354
0.484
0.345
0.184
0.437

SO-Prg
(𝜏𝐵 )
-0.041
0.010
0.427
0.202
0.463
0.491
0.321
0.480

SO-Bigdata
(𝜏𝐵 )
-0.154
0.061
0.244
0.143
0.486
0.498
0.412
0.356

SO-ML
(𝜏𝐵 )
-0.025
-0.0220
0.457
0.360
0.459
0.544
0.458
0.515
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